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Abstract	
  

Metabolic	
  analysis	
  in	
  living	
  organisms	
  is	
  important	
  for	
  understanding	
  biological	
  

systems,	
  having	
  wide	
  applications	
  ranging	
  from	
  therapeutics,	
  drug	
  discovery	
  and	
  

biotechnology.	
   For	
   example,	
   metabolic	
   profiles	
   can	
   be	
   used	
   to	
   identify	
  

biomarkers	
   for	
  early	
  disease	
  prognosis.	
   In	
  natural	
  products	
   research,	
  bioactive	
  

secondary	
  metabolites	
   are	
   considered	
   to	
   be	
   new	
   drug	
   leads.	
   In	
   biotechnology,	
  

metabolic	
  engineering	
  is	
  routinely	
  used	
  for	
  optimizing	
  metabolite	
  production.	
  

Depending	
  on	
  applications,	
  metabolic	
  analysis	
  can	
  be	
  carried	
  out	
  by	
  one	
  of	
  two	
  

paradigms:	
   network	
   analysis	
   and	
   metabolite	
   identification.	
   Firstly,	
   network	
  

analysis	
   investigates	
   metabolic	
   networks	
   to	
   systematically	
   identify	
   active	
  

metabolic	
   pathways	
   and	
   metabolite	
   production	
   patterns.	
   Hence,	
   metabolic	
  

network	
   analysis	
   is	
   used	
   for	
   biomarker	
   discovery	
   and	
   metabolite	
   production	
  

optimization.	
  Secondly,	
   in	
  metabolite	
   identification	
  paradigm,	
   the	
  presence	
  and	
  

concentration	
  of	
  individual	
  metabolites	
  are	
  investigated.	
  For	
  example,	
  discovery	
  

of	
   new	
   drug	
   leads	
   from	
   natural	
   products	
   involves	
   structure	
   determination	
   of	
  

individual	
  metabolites	
  with	
  promising	
  bioactivities	
  or	
  novel	
  chemical	
  scaffolds.	
  

Despite	
  the	
  importance	
  of	
  metabolic	
  analysis,	
  necessary	
  computational	
  tools	
  are	
  

still	
   lacking.	
  The	
   technological	
   advances	
   increased	
   the	
   amount	
  of	
   experimental	
  

data	
   that	
   can	
   be	
   collected,	
   making	
   manual	
   analysis	
   challenging.	
   For	
   example,	
  

analysis	
   of	
   genome-­‐scale	
  metabolic	
   networks	
  with	
   thousands	
   of	
  metabolites	
   is	
  

manually	
   infeasible,	
   and	
   requires	
   computational	
   tools.	
   In	
   natural	
   products	
  

research,	
  integration	
  of	
  computational	
  tools	
  with	
  spectral	
  databases	
  are	
  needed	
  

for	
   rapid	
   identification	
   of	
   known	
   compounds.	
   Also,	
   software	
   tools	
   for	
   online	
  

processing	
   of	
   NMR	
   measurements,	
   a	
   central	
   technique	
   for	
   metabolite	
  

identification,	
   are	
   still	
   lacking.	
   Easy-­‐to-­‐use	
   computational	
   tools	
   enable	
  

researchers	
   to	
   quickly	
   analyze	
   and	
   interpret	
   experimental	
   data,	
   reducing	
   cost	
  

and	
  effort.	
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In	
   this	
   thesis,	
   I	
   explore	
   computational	
  methods	
   and	
   tools	
   needed	
   for	
   different	
  

paradigms	
  for	
  metabolic	
  analysis,	
  presenting	
  two	
  novel	
  tools,	
  NetPathMiner	
  and	
  

NMRPro.	
   First,	
   I	
   present	
   NetPathMiner,	
   a	
   software	
   in	
   R	
   framework,	
   for	
  

identification	
  of	
  active	
  metabolic	
  pathways	
  based	
  on	
  gene	
  expression.	
  Second,	
  I	
  

review	
   computational	
   resources	
   for	
   rapid	
   identification	
   of	
   natural	
   products	
  

identifying	
   the	
   need	
   for	
   software	
   tools	
   for	
   processing	
   nuclear	
   magnetic	
  

resonance	
   (NMR)	
   spectra.	
   Finally,	
   I	
   present	
   NMRPro,	
   a	
   web	
   component	
   for	
  

online	
  interactive	
  processing	
  of	
  NMR	
  spectra.	
  I	
  discuss	
  each	
  topic	
  briefly	
  below.	
  

NetPathMiner	
  is	
  a	
  general	
  framework	
  for	
  mining,	
   from	
  genome-­‐scale	
  networks,	
  

paths	
   that	
   are	
   related	
   to	
   specific	
   experimental	
   conditions.	
   NetPathMiner	
  

interfaces	
  with	
   various	
   input	
   formats	
   including	
   KGML,	
   SBML	
   and	
   BioPAX	
   files	
  

and	
   allows	
   manipulation	
   of	
   networks	
   in	
   three	
   different	
   forms:	
   metabolic,	
  

reaction	
  and	
  gene	
  representations.	
  NetPathMiner	
  ranks	
  active	
  paths	
  and	
  applies	
  

clustering	
   and	
   classification	
   to	
   the	
   ranked	
   paths	
   for	
   easy	
   interpretation,	
  

providing	
  static	
  and	
  interactive	
  visualizations	
  of	
  networks	
  and	
  paths.	
  

Rapid	
  identification	
  of	
  previously	
  isolated	
  compounds	
  in	
  an	
  automated	
  manner,	
  

called	
  dereplication,	
  steers	
  researchers	
  toward	
  novel	
  findings,	
  thereby	
  reducing	
  

the	
   time	
   and	
   effort	
   for	
   identifying	
   new	
   drug	
   leads.	
   Dereplication	
   identifies	
  

compounds	
   by	
   comparing	
   processed	
   experimental	
   data	
   with	
   those	
   of	
   known	
  

compounds,	
   and	
   so,	
   diverse	
   computational	
   resources,	
   such	
   as	
   databases	
   and	
  

tools	
   to	
   process	
   and	
   compare	
   compound	
   data,	
   are	
   necessary.	
   Automating	
   the	
  

dereplication	
   process	
   through	
   the	
   integration	
   of	
   computational	
   resources	
   has	
  

always	
   been	
   an	
   aspired	
   goal	
   for	
   natural	
   product	
   research.	
   To	
   increase	
   the	
  

utilization	
   of	
   current	
   computational	
   resources	
   for	
   natural	
   products,	
   I	
   provided	
  

an	
   overview	
   of	
   the	
   dereplication	
   process,	
   and	
   then	
   listed	
   useful	
   resources,	
  

categorizing	
   them	
   into	
   databases,	
   methods	
   and	
   software	
   tools	
   and	
   further	
  

explained	
  them	
  from	
  a	
  dereplication	
  perspective.	
  Finally,	
  I	
  discussed	
  the	
  current	
  

challenges	
  to	
  automating	
  dereplication	
  and	
  proposed	
  solutions.	
  

Finally,	
   I	
   present	
   NMRPro,	
   an	
   integrated	
   web	
   component	
   for	
   interactive	
  

processing	
   and	
   visualization	
   of	
   NMR	
   spectra.	
   Web	
   applications	
   are	
   well	
   used	
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recently	
   because	
   they	
   are	
   platform-­‐independent	
   and	
   easy	
   to	
   extend	
   through	
  

reusable	
  web	
  components.	
  Although	
  available	
  web	
  applications	
  can	
  analyze	
  NMR	
  

spectra,	
   they	
   still	
   lack	
   essential	
   processing	
   and	
   interactive	
   visualization	
  

functionalities.	
   Incorporating	
   NMRPro	
   into	
   current	
   web	
   applications	
   enables	
  

easy-­‐to-­‐use	
  online	
  interactive	
  processing	
  and	
  visualization.	
  

In	
  conclusion,	
  I	
  surveyed	
  the	
  current	
  status	
  of	
  computational	
  tools	
  for	
  metabolic	
  

analysis	
   and	
   presented	
   two	
   novel	
   tools,	
   which	
   can	
   be	
   considered	
   as	
   building	
  

blocks	
  for	
  automating	
  research	
  in	
  natural	
  products	
  and	
  metabolomics.	
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1.1. Background	
  
1.1.1. Hierarchy	
  of	
  cellular	
  systems	
  

	
  
Figure	
  1.1	
  Overview	
  of	
  cellular	
  systems:	
  from	
  genomes	
  to	
  metabolites	
  
	
  

The	
   genetic	
   code	
   contained	
   in	
   the	
   cells	
   of	
   all	
   living	
   organisms	
   dictate	
   their	
  

behavior,	
   from	
   survival	
   to	
   reproduction.	
   This	
   genetic	
   material	
   is	
   stored	
   as	
   a	
  

chain	
   of	
   deoxyribonucleic	
   acids	
   (DNA),	
   of	
   which	
   only	
   a	
   small	
   fraction	
   is	
  

transcribed	
  as	
  ribonucleic	
  acid	
  (RNA)	
  (1,	
  2).	
  Then,	
  coding	
  RNA	
  is	
  translated	
  into	
  

proteins,	
   the	
   functional	
   building	
   blocks	
   of	
   the	
   cell.	
   Proteins	
   activate	
   or	
   inhibit	
  

Transcription� Translation� Protein 
interaction� Metabolism�

DNA� RNA� Proteins� Metabolites�
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each	
  other	
  using	
  post-­‐translational	
  modifications	
   through	
  highly	
   regulated	
  and	
  

complex	
   interaction	
   network.	
   Activated	
   proteins	
   with	
   biochemical	
   activities,	
  

referred	
  to	
  as	
  enzymes,	
  control	
  the	
  production	
  and	
  consumption	
  of	
  metabolites.	
  

Therefore,	
  analysis	
  metabolic	
  processes	
  is	
  challenging	
  because	
  of	
  the	
  numerous	
  

interactions	
  involved	
  in	
  controlling	
  metabolic	
  activity	
  (Figure	
  1.1).	
  

1.1.2. Types	
  of	
  metabolites	
  
Naturally,	
   living	
   organisms	
   produce	
   two	
   types	
   of	
   metabolites:	
   1)	
   Primary	
  

metabolite,	
  which	
  are	
  essential	
  for	
  the	
  survival	
  of	
  the	
  organism	
  (3,	
  4).	
  Examples	
  

of	
   primary	
   metabolites	
   include	
   energy	
   molecules,	
   such	
   as	
   adenosine	
  

triphosphate	
   (ATP),	
   and	
   amino	
   acids	
   that	
   are	
   later	
   used	
   as	
   building	
   blocks	
   for	
  

peptides	
   and	
   proteins.	
   2)	
   Secondary	
   metabolites,	
   which	
   give	
   the	
   organism	
  

competitive	
  advantages	
  but	
  are	
  not	
  essential	
  for	
  survival.	
  Secondary	
  metabolites	
  

are	
   prevalent	
   in	
   microbial	
   organisms,	
   plants,	
   marine	
   animals,	
   in	
   which	
   they	
  

involved	
   in	
   interspecies	
   defense	
   (5,	
   6).	
   In	
   addition	
   to	
   naturally	
   produced	
  

metabolites,	
  recombinant	
  DNA	
  technologies	
  allow	
  the	
  production	
  of	
  xenobiotics	
  

for	
  biotechnological	
   purposes	
   (7).	
  Analysis	
   of	
   each	
  of	
   these	
   types	
  has	
  different	
  

goals	
  and	
  requires	
  the	
  use	
  of	
  different	
  analytical	
  methods,	
  as	
  shown	
  in	
  Figure	
  1.2.	
  

	
  

Figure	
  1.2	
  Categories	
  and	
  goals	
  of	
  metabolic	
  analysis	
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1.1.2.1. Analysis	
  of	
  primary	
  metabolites	
  
Primary	
   metabolites	
   are	
   involved	
   in	
   cellular	
   growth,	
   development	
   or	
  

reproduction.	
   Therefore,	
   any	
   impairment	
   in	
   the	
   production	
   of	
   primary	
  

metabolites	
   directly	
   affects	
   the	
   normal	
   function	
   of	
   the	
   organism.	
   Because	
   they	
  

are	
  associated	
  with	
  normal	
  biological	
  functions,	
  analysis	
  of	
  primary	
  metabolites	
  

enhances	
   our	
   understanding	
   of	
   how	
   the	
   biological	
   system	
   works,	
   and	
   helps	
  

explain	
  the	
  observed	
  phonotypes	
  systematically	
  (8).	
  	
  

An	
   important	
   example	
   for	
   the	
   analysis	
   of	
   primary	
   metabolites	
   is	
   the	
   use	
   of	
  

machine	
  learning	
  techniques	
  to	
  identify	
  metabolite	
  production	
  patterns	
  that	
  are	
  

associated	
  with	
  different	
   experimental	
   conditions.	
   Identification	
  of	
  metabolites	
  

that	
   are	
   associated	
   with	
   certain	
   drug	
   treatment	
   outcome	
   can	
   classify	
   patients	
  

who	
  likely	
  to	
  respond	
  to	
  treatment	
  (9).	
  Alternatively,	
  metabolic	
  biomarkers	
  can	
  

be	
  used	
  for	
  early	
  disease	
  prognosis	
  and	
  progression	
  (10).	
  

Analysis	
   of	
   primary	
   metabolites	
   is	
   often	
   done	
   systematically	
   by	
   one	
   of	
   two	
  

methods:	
   metabolite	
   identification	
   or	
   network	
   analysis.	
   First,	
   in	
   metabolite	
  

identification	
  method,	
  the	
  presence	
  or	
  absence,	
  as	
  well	
  as	
  the	
  concentrations	
  of	
  

individual	
   metabolites	
   are	
   directly	
   measured.	
   Collective	
   experimental	
  

measurement	
   of	
   metabolites	
   is	
   referred	
   to	
   as	
   metabolic	
   profiling	
   or	
   shortly	
  

metabolomics.	
   Briefly,	
   samples	
   of	
   biological	
   fluids	
   are	
   analyzed	
   using	
  

spectroscopic	
   techniques	
   such	
   as	
   nuclear	
   magnetic	
   resonance	
   (NMR),	
   liquid	
  

chromatography–mass	
   spectrometry	
   (LC-­‐MS),	
   Gas	
   chromatography–mass	
  

spectrometry	
   (GC-­‐MS)	
   and	
   measured	
   spectra	
   are	
   matched	
   against	
   a	
   database	
  

containing	
  spectra	
  of	
  known	
  metabolites.	
  	
  

Second,	
   network	
   analysis	
   method	
   aims	
   to	
   discern	
   the	
   metabolic	
   state	
   of	
   the	
  

whole	
   metabolic	
   network,	
   thereby	
   identifying	
   which	
   metabolites	
   are	
   present.	
  

Unlike	
   metabolite	
   identification,	
   network	
   analysis	
   considers	
   the	
   interactions	
  

between	
   the	
   metabolic	
   system	
   and	
   other	
   cellular	
   systems,	
   providing	
   a	
   more	
  

holistic	
   approach.	
   Therefore,	
   metabolic	
   activity	
   can	
   be	
   characterized	
   with	
  

experimental	
  measurements	
  of	
  higher-­‐order	
  systems,	
  such	
  as	
  gene	
  expression.	
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1.1.2.2. Analysis	
  of	
  secondary	
  metabolites	
  
Secondary	
   metabolites	
   are	
   involved	
   in	
   plant	
   or	
   microbial	
   defense	
   against	
  

predators,	
   and	
   hence	
  many	
   secondary	
  metabolites	
   posses	
   potent	
   bioactivities.	
  

The	
   study	
   of	
   bioactive	
   secondary	
  metabolites	
  with	
   the	
   goal	
   of	
   identifying	
   new	
  

drug	
   leads	
   is	
   referred	
   to	
   as	
   natural	
   products	
   research.	
   Over	
   the	
   last	
   centaury,	
  

natural	
   products	
   research	
   has	
   fueled	
   the	
   drug	
   discovery	
   pipeline	
   with	
   novel	
  

scaffold	
  that	
  are	
  not	
  easily	
  accessible	
  through	
  combinatorial	
  chemistry	
  (11).	
  

Currently,	
  identification	
  of	
  bioactive	
  natural	
  products	
  involves	
  the	
  isolation	
  and	
  

purification	
   of	
   individual	
   compounds	
   followed	
   by	
   a	
   myriad	
   of	
   spectral	
  

measurements	
   including	
  multi-­‐dimensional	
  NMR	
  and	
  mass	
   spectrometry	
   (MS).	
  

Finally	
  the	
  acquired	
  spectra	
  are	
  carefully	
  interpreted	
  by	
  experts	
  to	
  elucidate	
  the	
  

chemical	
  structure	
  of	
  a	
  single	
  metabolite.	
  

Despite	
  the	
  similarity	
  between	
  metabolomics	
  and	
  natural	
  products	
  research,	
  the	
  

latter	
   still	
   relies	
   on	
   individual	
  metabolite	
   identification	
   rather	
   than	
   systematic.	
  

This	
   is	
   in	
   part	
   due	
   to	
   the	
   scarcity	
   of	
   databases	
   containing	
   spectra	
   of	
   known	
  

natural	
  products	
  as	
  well	
  as	
  accurate	
  methods	
  for	
  spectral	
  matching.	
  	
  

1.1.2.3. Analysis	
  of	
  recombinant	
  metabolites	
  
Recombinant	
   metabolites	
   play	
   an	
   important	
   role	
   in	
   industrial	
   production	
   of	
  

biopharmaceuticals.	
   The	
   metabolic	
   analysis	
   of	
   recombinant	
   metabolites	
   is	
  

referred	
   to	
   as	
   metabolic	
   engineering,	
   in	
   which	
   the	
   goal	
   is	
   to	
   reconstruct	
  

metabolic	
  pathways	
  in	
  order	
  to	
  maximize	
  the	
  product	
  of	
  desired	
  metabolites	
  (7).	
  

Metabolic	
   network	
   reconstruction	
   and	
   analysis	
   of	
   reaction	
   fluxes	
   offer	
   a	
  

computational	
  modeling	
  tool	
  to	
  optimize	
  metabolite	
  production	
  (12).	
  

1.2. The	
  need	
  for	
  software	
  tools	
  for	
  metabolic	
  analysis	
  
The	
   recent	
   technological	
   advances	
   enabled	
   genome-­‐wide	
   experimental	
  

measurement	
   to	
   be	
   acquired	
   at	
   reduced	
   cost	
   and	
   time.	
   Also,	
   the	
   study	
   of	
  

biological	
   systems	
   has	
   uncovered	
   previously	
   unknown	
   complexity.	
   As	
   a	
   result,	
  

holistic	
   analysis	
   of	
   large	
   datasets	
   on	
   complex	
   biological	
   models	
   is	
   becoming	
  

manually	
   infeasible.	
   Computational	
   tools	
   are	
   needed	
   for	
   data	
   processing,	
  

modeling,	
  analysis	
  and	
  visualization.	
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From	
   the	
   wide	
   applications	
   of	
   metabolic	
   analysis,	
   this	
   thesis	
   focuses	
   on	
   two	
  

aspects	
   where	
   limited	
   computational	
   tools	
   were	
   available:	
   1)	
   Metabolic	
   path	
  

mining	
   from	
   gene	
   expression,	
   and	
   2)	
   processing	
   NMR	
   data	
   for	
   metabolite	
  

identification.	
  I	
  discuss	
  each	
  point	
  in	
  detail	
  below.	
  

1.2.1. Metabolic	
  path	
  mining	
  from	
  gene	
  expression	
  
Network	
   analysis	
   is	
   an	
   important	
   method	
   for	
   the	
   analysis	
   of	
   cellular	
   primary	
  

metabolism,	
  in	
  part	
  because	
  of	
  three	
  main	
  reasons:	
  1)	
  Metabolites	
  are	
  identified	
  

systematically,	
   and	
   therefore	
   giving	
   a	
   more	
   holistic	
   model	
   of	
   the	
   biological	
  

system.	
   2)	
   The	
   ability	
   of	
   incorporating	
   prior	
   knowledge	
   by	
   using	
   metabolic	
  

networks	
  that	
  are	
  constructed	
  by	
  human	
  curators	
  from	
  literature.	
  3)	
  The	
  ability	
  

to	
  infer	
  the	
  presence	
  /	
  absence	
  of	
  metabolites	
  from	
  easier-­‐to-­‐measure	
  systems,	
  

such	
   as	
   transcription.	
   Gene	
   expression	
   values	
   can	
   be	
   used	
   to	
   identify	
   the	
  

metabolic	
  activity	
  when	
  analyzed	
  within	
  a	
  network	
  context.	
  

One	
   network	
   analysis	
   method,	
   network	
   path	
   mining,	
   is	
   particularly	
   useful	
   in	
  

metabolic	
   analysis.	
   Network	
   path	
  mining	
   takes	
   a	
   genome-­‐scale	
   network	
   along	
  

with	
  gene	
  expression	
  values,	
  and	
  enumerates,	
   from	
  within	
  all	
  possible	
  paths	
   in	
  

the	
  network,	
  a	
  list	
  of	
  linear	
  paths	
  that	
  are	
  highly	
  activated.	
  Within	
  the	
  context	
  of	
  

metabolic	
  networks,	
  linear	
  paths	
  represent	
  metabolic	
  cascades.	
  	
  

Despite	
  importance	
  of	
  metabolic	
  path	
  mining	
  and	
  biologically	
  intuitive	
  meaning	
  

of	
   its	
   output,	
   an	
   easy-­‐to-­‐use	
   software	
   tools	
   were	
   lacking.	
   Software	
   tools	
   are	
  

particularly	
  needed	
  for	
  metabolic	
  path	
  mining,	
  because	
  the	
  size	
  and	
  complexity	
  

of	
  genome-­‐scale	
  networks	
  warrants	
  manual	
  analysis	
  infeasible.	
  Moreover,	
  since	
  

path	
  mining	
  relies	
  on	
  path	
  enumeration,	
  thousands	
  of	
  paths	
  are	
  given	
  as	
  output.	
  

Effective	
   clustering	
   and	
   visualization	
   of	
   output	
   paths	
   	
   via	
   a	
   software	
   tool	
   is	
  

needed.	
  

I	
   developed	
   NetPathMiner,	
   which	
   is	
   an	
   R	
   package	
   for	
  mining	
   active	
  metabolic	
  

paths	
   from	
   genome-­‐scale	
   networks	
   based	
   on	
   gene	
   expression.	
   NetPathMiner	
  

allows	
   easy	
   incorporation	
   of	
   prior	
   knowledge	
   by	
   constructing	
   networks	
   from	
  

various	
  pathway	
  file	
  formats.	
  Also,	
  NetPathMiner	
  handles	
  genome-­‐scale	
  network	
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analysis	
   efficiently,	
   and	
   provides	
   interactive	
   visualizations	
   for	
   networks	
   and	
  

output	
  paths.	
  

1.2.2. Processing	
  NMR	
  data	
  for	
  metabolite	
  identification	
  
Metabolite	
   identification	
   from	
   experimental	
   measurements	
   is	
   widely	
   used	
   in	
  

both	
   metabolomics	
   and	
   natural	
   products	
   research.	
   Unlike	
   inference	
   methods,	
  

metabolite	
  identification	
  provides	
  direct	
  evidence	
  for	
  the	
  presence	
  or	
  absence	
  as	
  

well	
  as	
  the	
  concentration	
  of	
  a	
  particular	
  metabolite	
  in	
  the	
  measured	
  sample.	
  	
  

Among	
   spectroscopic	
   techniques	
   used	
   for	
   metabolite	
   identification	
   is	
   NMR,	
  

which	
   provides	
   detailed	
   information	
   about	
   the	
   structural	
   features	
   of	
   the	
  

measured	
   metabolites.	
   Moreover,	
   NMR	
   allows	
   the	
   structure	
   determination	
   of	
  

novel	
  metabolites,	
  particularly	
  useful	
  in	
  natural	
  products	
  research,	
  in	
  which	
  the	
  

goal	
  is	
  to	
  identify	
  new	
  structural	
  scaffolds.	
  	
  

Because	
  of	
  the	
  nature	
  of	
  experimental	
  technique,	
  measured	
  NMR	
  spectra	
  are	
  not	
  

interpretable	
  before	
   they	
  pass	
   through	
  a	
   series	
  of	
  processing	
   steps.	
  Processing	
  

NMR	
  spectra	
  handles	
  two	
  issues:	
  1)	
  transform	
  the	
  data	
  from	
  instrument-­‐specific	
  

readings	
  to	
  human	
  readable	
  formats,	
  and	
  2)	
  correct	
  the	
  variations	
  and	
  artifacts	
  

present	
  in	
  the	
  spectra	
  due	
  to	
  inadvertent	
  experimental	
  conditions.	
  

To	
  first	
  identify	
  the	
  lacking	
  points	
  in	
  the	
  computational	
  processing	
  NMR	
  spectra,	
  

I	
  surveyed	
  current	
  computational	
  resources	
  for	
  dereplication	
  of	
  natural	
  products.	
  

Dereplication	
   is	
   a	
   technique	
   for	
   rapid	
   identification	
   of	
   previously	
   known	
  

metabolites	
   from	
   a	
   natural	
   extract,	
   thereby	
   reducing	
   the	
   time	
   and	
   effort	
   to	
  

discover	
   novel	
   metabolites.	
   I	
   discussed	
   three	
   important	
   resources:	
   databases,	
  

processing	
   methods	
   and	
   software.	
   The	
   literature	
   survey	
   revealed	
   two	
   major	
  

shortages:	
  1)	
  scarcity	
  of	
  free-­‐to-­‐use	
  spectral	
  databases	
  and	
  2)	
  lack	
  of	
  easy-­‐to-­‐use	
  

free	
  tools	
  for	
  processing	
  NMR	
  spectra.	
  

To	
  address	
  the	
  identified	
  shortage	
  in	
  software	
  tools,	
  I	
  developed	
  NMRPro,	
  which	
  

is	
  a	
  web	
  component	
  for	
  interactive	
  processing	
  and	
  visualization	
  of	
  NMR	
  spectra.	
  

NMRPro	
   provides	
   a	
   web-­‐based	
   solution	
   for	
   processing	
   NMR	
   spectra,	
   which	
  

allows	
   easy	
   sharing	
   of	
   raw	
   and	
   processed	
   spectra	
   between	
   collaborators.	
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Moreover,	
  distributing	
  the	
  software	
  as	
  a	
  web	
  component	
  enables	
  its	
  integration	
  

into	
  current	
  web	
  servers.	
  

1.3. Thesis	
  organization	
  
This	
   thesis	
   consists	
   of	
   five	
   chapters,	
   three	
  main	
   chapters	
   besides	
   introductory	
  

and	
  conclusion	
  chapters	
  (Table	
  1.1).	
  The	
  current	
  chapter	
  provides	
  a	
  background	
  

on	
  the	
  field	
  of	
  metabolic	
  analysis	
  and	
  its	
  current	
  goals	
  and	
  challenges.	
  Chapter	
  2	
  

discusses	
  NetPathMiner,	
  which	
  is	
  a	
  tool	
  for	
  metabolic	
  network	
  analysis.	
  Chapter	
  

3	
  presents	
  a	
  survey	
  of	
  the	
  currently	
  available	
  computational	
  tools	
  for	
  metabolite	
  

identification	
  in	
  natural	
  products	
  research,	
  identifying	
  several	
  lacking	
  resources	
  

including	
   easy-­‐to-­‐use	
   online	
  NMR	
  processing	
   software.	
   In	
   Chapter	
   4,	
   I	
   present	
  

NMRPro	
   as	
   a	
   tool	
   to	
   overcome	
   the	
   current	
   lack	
   in	
   interactive	
   processing	
  

software	
  of	
  NMR	
  spectra.	
  NMRPro	
  can	
  be	
  considered	
  as	
  a	
  building	
  block	
  for	
  web-­‐

based	
  software	
  for	
  analysis	
  of	
  metabolomics	
  and	
  natural	
  products	
  data.	
  Finally,	
  

Chapter	
  5	
  present	
  a	
  thesis	
  summary	
  and	
  future	
  remarks.	
  

Table	
  1.1	
  Chapter	
  contents	
  
	
   Chapter	
  2	
   Chapter	
  3	
   Chapter	
  4	
  
Metabolite	
  Type	
   Primary	
   Secondary	
   Primary,	
  

Secondary	
  
Metabolic	
  
analysis	
  method	
  

Network	
  analysis	
   Metabolite	
  
identification	
  

Metabolite	
  
identification	
  

Description	
   Software	
  tool	
   Survey	
   Software	
  tool	
  
Data	
   Gene	
  expression	
   NMR	
  spectra	
   NMR	
  spectra	
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Chapter	
  Summary	
  
NetPathMiner	
  is	
  a	
  general	
  framework	
  for	
  mining,	
   from	
  genome-­‐scale	
  networks,	
  

paths	
   that	
   are	
   related	
   to	
   specific	
   experimental	
   conditions.	
   NetPathMiner	
  

interfaces	
  with	
   various	
   input	
   formats	
   including	
   KGML,	
   SBML	
   and	
   BioPAX	
   files	
  

and	
   allows	
   for	
   manipulation	
   of	
   networks	
   in	
   three	
   different	
   forms:	
   metabolic,	
  

reaction	
  and	
  gene	
  representations.	
  NetPathMiner	
  ranks	
  the	
  obtained	
  paths	
  and	
  

applies	
  Markov	
  model-­‐based	
  clustering	
  and	
  classification	
  methods	
  to	
  the	
  ranked	
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paths	
  for	
  easy	
  interpretation.	
  NetPathMiner	
  also	
  provides	
  static	
  and	
  interactive	
  

visualizations	
  of	
  networks	
  and	
  paths	
  to	
  aid	
  manual	
  investigation.	
  

2.1. Introduction	
  
Mining	
  subnetworks	
  from	
  genome-­‐scale	
  biological	
  networks	
  is	
  an	
  important	
  step	
  

in	
  biological	
  data	
  analysis,	
  because	
  as	
  their	
  size	
  and	
  complexity	
  increase,	
  manual	
  

analysis	
   becomes	
   infeasible.	
   Such	
   networks	
   are	
   highly	
  modular	
   and	
   span	
   over	
  

several	
   biological	
   processes,	
   and	
   hence,	
   only	
   certain	
   parts	
   of	
   the	
   network	
   are	
  

activated	
   under	
   a	
   particular	
   biological	
   condition.	
   Therefore,	
   given	
   biological	
  

experimental	
   data	
   along	
   with	
   a	
   genome	
   scale	
   network,	
   active	
   subnetwork	
  

detection	
  remains	
  a	
  non-­‐trivial	
  step	
  in	
  data	
  analysis	
  and	
  mining.	
  

Numerous	
   methods	
   for	
   active	
   subnetwork	
   detection	
   using	
   experimental	
   data	
  

have	
   been	
   described	
   in	
   the	
   literature	
   (13-­‐16),	
   where	
   these	
   methods	
   provide	
  

various	
  output	
  formats.	
  Taking	
  metabolic	
  network	
  analysis	
  as	
  an	
  example,	
  active	
  

metabolic	
  subnetworks	
  inferred	
  from	
  gene	
  expression	
  data	
  can	
  be	
  expressed	
  as	
  

node	
  clusters	
  (17,	
  18),	
  or	
  as	
  a	
  set	
  of	
  linear	
  paths	
  (19,	
  20).	
  I	
  focus	
  on	
  linear	
  paths,	
  

which	
   are	
  particularly	
  useful	
   by	
   carrying	
   an	
   intuitive	
  meaning,	
   as	
   in	
  metabolic	
  

reaction	
  paths	
  and	
  signaling	
  cascades.	
  

Currently,	
   network	
   path	
   mining	
   is	
   hampered	
   by	
   two	
   main	
   challenges:	
   i)	
  

Constructing	
   genome	
   scale	
   networks	
   from	
   curated	
   pathway	
   databases	
   and	
   ii)	
  

visualization	
   of	
   output	
   paths.	
   Genome	
   scale	
   metabolic	
   networks	
   can	
   be	
  

constructed	
  by	
  connecting	
  individual	
  pathways	
  from	
  available	
  databases.	
  Several	
  

online	
   databases	
   have	
   tried	
   to	
   catalogue	
   biological	
   knowledge	
   into	
   human	
  

interpretable	
   pathways	
   representations,	
   such	
   as	
   KEGG	
   (21),	
   Reactome	
   (22),	
  

BioCyc	
   (23)	
   and	
   Pathway	
   Commons	
   (24).	
   Although	
   such	
   data	
   are	
   readily	
  

accessible	
   though	
   various	
   standard	
   formatted	
   files,	
   such	
   as	
   KGML,	
   SBML	
   and	
  

BioPAX,	
   two	
   main	
   issues	
   arise.	
   Firstly,	
   each	
   file	
   may	
   represent	
   a	
   particular	
  

pathway	
   or	
   a	
   biological	
   process,	
   rather	
   than	
   the	
   full	
   network,	
   and	
   therefore,	
  

several	
   files	
   have	
   to	
   be	
   concatenated	
   to	
   obtain	
   the	
   genome	
   scale	
   network.	
  

Secondly,	
   network	
   preprocessing,	
   such	
   as	
   removing	
   nodes	
   with	
   missing	
  

annotations,	
  may	
  be	
  necessary	
  for	
  efficient	
  path	
  mining.	
  The	
  second	
  challenge	
  to	
  

network	
   path	
  mining	
   is	
   visualization.	
  Network	
   path	
  mining	
   can	
   output	
   a	
   large	
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number	
  of	
  active	
  paths,	
  in	
  some	
  cases	
  thousands,	
  making	
  their	
  visualization	
  and	
  

biological	
  interpretation	
  strenuous.	
  	
  

Table	
  2.1	
  Functionalities	
  of	
  current	
  network	
  path	
  mining	
  tools	
  
	
   PathRanker	
   rBiopaxParser	
   PathView	
  
Input	
  network	
  
format	
  

KGML	
   BioPAX	
   KGML	
  

Supported	
  
network	
  types	
  

Metabolic	
   Metabolic	
  &	
  
Signaling	
  

Metabolic	
  &	
  
Signaling	
  

Network	
  
representation	
  
conversion	
  

Limited	
   ✗	
   ✗	
  

Path	
  extraction	
   ✓	
   ✗	
   ✗	
  
Visualization	
   Paths	
  only	
   Networks	
  only	
   Networks	
  only	
  
	
  

Despite	
  the	
  importance	
  and	
  wide	
  applicability	
  of	
  network	
  path	
  mining	
  in	
  biology,	
  

a	
   universal	
   tool	
   implementing	
   the	
   process	
   flow	
   of	
   biological	
   path	
   mining	
   in	
  

R/Bioconductor	
   is	
   still	
   at	
   short	
   (Table	
  2.1).	
  Hancock	
  and	
  colleagues	
  previously	
  

developed	
  PathRanker,	
  an	
  R	
  package	
  for	
  mining	
  metabolic	
  pathways	
  from	
  gene	
  

expression	
   data	
   (20).	
   However,	
   PathRanker	
   is	
   limited	
   only	
   to	
   metabolic	
  

networks	
   constructed	
   from	
   KGML	
   files,	
   restricting	
   its	
   use	
   to	
   KEGG	
   metabolic	
  

pathways.	
   Moreover,	
   the	
   absence	
   of	
   a	
   standard	
   format	
   to	
   represent	
   network	
  

objects	
   in	
  R	
  hinders	
   integrated	
  network-­‐based	
  analysis.	
  Another	
   tool,	
  Pathview	
  

(25),	
   provides	
   ways	
   to	
   integrate	
   and	
   visualize	
   KEGG	
   metabolic	
   and	
   signaling	
  

pathways	
   in	
   data	
   analysis	
   through	
   powerful	
   attribute	
   mapping	
   functions.	
  

However,	
   Pathview	
   lacks	
   network	
   path	
  mining	
  methods	
   and	
   is	
   also	
   limited	
   to	
  

KGML	
   formatted	
   files.	
   rBiopaxParser	
   is	
   also	
   an	
   R	
   package	
   parsing	
   and	
  

visualization	
  of	
  BioPAX	
  formatted	
  files,	
  although	
  current	
  visualization	
  functions	
  

is	
   limited	
   to	
   regulatory	
  networks	
   (26).	
  Other	
  packages	
   such	
  as	
  KEGGgraph	
  and	
  

graphite	
  available	
  on	
  Bioconductor	
  are	
  limited	
  to	
  specific	
  databases	
  or	
  limited	
  to	
  

particular	
  types	
  of	
  pathways	
  (27-­‐29).	
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Figure	
  2.1	
  General	
  workflow	
  and	
  modules	
  of	
  NetPathMiner	
  
	
  

This	
   chapter	
   presents	
   NetPathMiner;	
   a	
   general	
   framework	
   for	
   network	
   path	
  

mining	
   in	
   R.	
   NetPathMiner	
   provides	
   several	
   functions	
   for	
   full	
   network	
  

construction	
   using	
   different	
   pathway	
   file	
   formats,	
   enabling	
   its	
   utility	
   to	
   most	
  

common	
   pathway	
   databases.	
   Borrowing	
   and	
   extending	
   upon	
   path	
   mining	
  

methods	
   presented	
   in	
   PathRanker,	
   NetPathMiner	
   enables	
   a	
   flexible	
   module-­‐

based	
   process	
   flow	
   for	
   network	
   path	
   mining	
   and	
   visualization	
   (Figure	
   2.1),	
  

where	
   each	
   step	
   can	
   be	
   replaced	
   by	
   user-­‐customized	
   functions.	
   Network	
  

representation	
   using	
   igraph	
   (30)	
   allows	
   integrated	
   network	
   analysis.	
   Finally,	
  

visualization	
  of	
  output	
  paths	
   is	
  achieved	
  by	
  combining	
  clustering	
  methods	
   (31,	
  

32)	
  and	
  plotting	
  functions	
  in	
  igraph	
  package.	
  

The	
   rest	
   of	
   chapter	
   starts	
   by	
   describing	
   the	
   inputs	
   for	
   network	
   path	
   mining.,	
  

followed	
  by	
  discussion	
  of	
  	
  each	
  module	
  of	
  NetPathMiner	
  in	
  step-­‐by-­‐step	
  fashion.	
  

The	
   chapter	
   concludes	
   by	
   comparing	
   the	
   performance	
   NetPathMiner	
   with	
  

existing	
  software.	
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2.2. Input	
  to	
  network	
  path	
  mining	
  
Network	
  path	
  mining	
  takes	
  two	
  inputs;	
  network	
  structure	
  and	
  gene	
  expression	
  

matrix,	
   and	
   produces	
   linear	
   paths	
   as	
   output.	
   This	
   section	
   discusses	
   the	
  

characteristics	
  of	
  both	
  inputs.	
  

2.2.1. Network:	
  	
  
Because	
   the	
   network	
   acts	
   as	
   the	
   guide	
  map	
   in	
  which	
   the	
   subsequent	
   analyses	
  

occur,	
  it	
  is	
  important	
  to	
  address	
  the	
  different	
  ways	
  a	
  network	
  can	
  represent	
  the	
  

biological	
   system	
   (metabolism,	
   in	
   our	
   case),	
   and	
   the	
   methods	
   to	
   obtain	
   such	
  

networks.	
  

2.2.1.1. Network	
  representation	
  

	
  
Figure	
  2.2	
  Examples	
  of	
  metabolic	
  networks	
  in	
  different	
  representations.	
  
	
   	
  

Metabolic	
   networks	
   provide	
   a	
   graph	
   representation	
   for	
   the	
   biological	
   system.	
  

Metabolic	
   network	
   is	
   consisted	
   of	
   two	
   main	
   components,	
   nodes	
   and	
   edges.	
  

Nodes	
   represent	
   biological	
   entities,	
   such	
   as	
   proteins,	
   reactions	
   or	
  metabolites.	
  

Edges	
   connect	
   between	
   nodes	
   to	
   indicate	
   the	
   relationship	
   between	
   different	
  

entities.	
   As	
   shown	
   in	
   Figure	
   2.2,	
   metabolic	
   networks	
   can	
   have	
   different	
  

representations,	
  depending	
  on	
  what	
  the	
  nodes	
  and	
  edges	
  represent.	
  Metabolite-­‐

reaction	
   networks	
   are	
   bi-­‐partite	
   graphs,	
   i.e.	
   containing	
   two	
   types	
   of	
   nodes,	
  

metabolites	
  and	
  reactions.	
  The	
  edges	
  indicate	
  whether	
  a	
  metabolite	
  is	
  consumed	
  

or	
   produced	
   by	
   a	
   reaction.	
   Reaction	
   networks	
   contain	
   only	
   reaction	
   nodes,	
   in	
  

which	
   edges	
   connect	
   between	
   successive	
   reactions.	
   Finally,	
   gene	
   networks	
  

expand	
  each	
  reaction	
  node	
  to	
  its	
  catalyzing	
  genes.	
  Expanding	
  a	
  reaction	
  network	
  

into	
  genes	
  can	
  result	
  in	
  ambiguities	
  when	
  reactions	
  are	
  catalyzed	
  by	
  more	
  than	
  

one	
   gene.	
   Additionally,	
   connected	
   gene	
   networks	
   can	
   be	
   obtained	
   from	
  

disconnected	
   reaction	
   networks	
   if	
   genes	
   are	
   participating	
   in	
   several	
   reactions	
  

(Figure	
  2.2).	
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2.2.1.2. Network	
  origin	
  
Networks	
   can	
   either	
   be	
   obtained	
   based	
   on	
   prior	
   knowledge	
   from	
   literature,	
  

called	
  curated	
  (21,	
  22),	
  or	
  directly	
  inferred	
  from	
  experimental	
  data	
  (33).	
  I	
  discuss	
  

here	
   the	
   characteristics	
   of	
   each	
   network	
   type	
   an	
   how	
   it	
   affect	
   the	
   subsequent	
  

path	
  mining.	
  

Curated	
   networks	
   are	
   stored	
   in	
   pathway	
   data	
   givesbases,	
   such	
   as	
   KEGG	
   (21),	
  

Reactome	
   (22)	
   and	
   BioCyc	
   (23),	
   which	
   are	
   constructed	
   by	
   extracting	
   the	
  

biological	
  knowledge	
  from	
  the	
  literature.	
  Curated	
  networks	
  extracted	
  from	
  these	
  

sources	
   are	
   highly	
   annotated	
   and	
   reliable,	
   as	
   these	
   networks	
   have	
   been	
  under	
  

extensive	
  revision	
  and	
  annotation.	
  However,	
  curated	
  networks	
  do	
  not	
  specify	
  the	
  

conditions	
  under	
  which	
  the	
  network	
  structure	
  is	
  valid.	
  Moreover,	
  networks	
  are	
  

also	
   confined	
   only	
   to	
   well-­‐studied	
   genes,	
   covering	
   only	
   a	
   small	
   portion	
   of	
   the	
  

genetic	
   landscape.	
   For	
   example,	
   the	
   most	
   extensive	
   human	
   PPI	
   network	
  

constructed	
   from	
   the	
   literature	
   covers	
   only	
   49%	
   of	
   all	
   proteins	
   in	
   Swiss-­‐Prot	
  

database	
  (34).	
  Moreover,	
  it	
  is	
  estimated	
  that	
  current	
  interaction	
  maps	
  covers	
  less	
  

that	
  10%	
  of	
  all	
  potential	
  protein	
  interactions	
  (35).	
  Curated	
  networks,	
  therefore,	
  

are	
   information	
  rich	
  and	
  reliable,	
  however	
   they	
  can	
  be	
  out	
  of	
  context	
  and	
  with	
  

low	
  coverage.	
  

Networks	
   inferred	
   from	
   specific	
   experimental	
   measurements	
   (33,	
   36)	
   predict	
  

interactions	
  that	
  may	
  be	
  present	
  under	
  particular	
  experimental	
  conditions.	
  The	
  

experimental	
   data	
   provide	
   “context”	
   to	
   the	
   constructed	
   networks	
   and	
   as	
   a	
  

consequence,	
   such	
   networks	
   have	
   different	
   structures	
   under	
   different	
  

experimental	
  conditions.	
  Examining	
  such	
  models	
  gives	
  insight	
  into	
  the	
  dynamic	
  

nature	
   of	
   biology,	
   and	
   how	
   a	
   living	
   organism	
   copes	
   different	
   environmental	
  

stresses	
  with	
  few	
  genetic	
  elements	
  (37).	
  Although	
  constructed	
  networks	
  provide	
  

more	
  coverage	
  than	
  curated	
  networks,	
  they	
  usually	
  suffer	
  from	
  poor	
  reliability,	
  

as	
  high	
  throughput	
  techniques	
  may	
  produce	
  noisy	
  experimental	
  measurements.	
  

For	
  example,	
  interaction	
  networks	
  constructed	
  by	
  mass	
  spectrometry	
  techniques	
  

have	
  been	
  found	
  to	
  vary	
  greatly	
  across	
  experiments	
  (38).	
  

Network	
  path	
  mining	
   takes	
   genome-­‐scale	
   curated	
  networks	
   as	
   input,	
   and	
  uses	
  

experimental	
   data	
   (in	
   our	
   case	
   gene	
   expression)	
   to	
   weight	
   the	
   network.	
   As	
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discussed,	
  curated	
  networks	
  are	
  limited	
  to	
  well-­‐studied	
  genes	
  and	
  pathways,	
  and	
  

therefore,	
   a	
   significant	
   portion	
   of	
   the	
   gene	
   expression	
   measurements	
   is	
   not	
  

omitted.	
  

2.2.2. Gene	
  expression	
  matrix	
  
The	
   technological	
  advances	
  over	
   the	
   last	
  decade	
  have	
  enabled	
  high	
   throughput	
  

and	
  accurate	
  measurement	
  of	
  gene	
  expression	
  profiles.	
  The	
  development	
  of	
  DNA	
  

microarray	
   (39)	
   followed	
   by	
   the	
   more	
   recent	
   RNA-­‐seq	
   (40)	
   and	
   SAGE	
   (41)	
  

technologies	
  allowed	
  accurate	
  quantification	
  of	
  RNA	
  transcripts	
  with	
  reasonable	
  

effort	
   and	
   cost.	
   The	
   genome-­‐scale	
   measurement	
   of	
   expression	
   provides	
   a	
  

snapshot	
   of	
   the	
   cellular	
   state,	
   allowing	
   deep	
   investigation	
   of	
   the	
   biological	
  

processes,	
  including	
  metabolic	
  analysis.	
  	
  

Inference	
   of	
   metabolic	
   activity	
   from	
   gene	
   expression	
   measurements	
   traverses	
  

multiple	
   biological	
   systems	
   (42).	
  While	
   gene	
   expression	
   values	
   represent	
   RNA	
  

transcription,	
  metabolic	
  activity	
  cannot	
  be	
  inferred	
  directly	
  therefrom.	
  First,	
  the	
  

transcribed	
   RNA	
   is	
   translated	
   into	
   proteins,	
   which	
   act	
   as	
   enzymes.	
   These	
  

enzymes	
   are	
   then	
   activated	
   through	
   post-­‐transcriptional	
   modifications.	
   Then,	
  

activated	
   enzymes	
   control	
   metabolic	
   flux,	
   affected	
   by	
   interplay	
   of	
   metabolite	
  

concentration,	
  enzyme	
  levels,	
  and	
  reaction	
  fluxes	
  in	
  a	
  highly	
  connected	
  network.	
  

Metabolic	
  activity	
  can	
  be	
  inferred	
  from	
  coordinated	
  gene	
  expression.	
  Metabolism	
  

is	
   a	
   dynamic	
   and	
   coordinated	
   activity,	
   whose	
   behavior	
   differs	
   in	
   organisms,	
  

organs,	
   tissues,	
   subcellular	
   location	
   and	
   external	
   environment	
   conditions	
   (43).	
  

Therefore,	
   under	
   each	
   specific	
   condition,	
   only	
   portions	
   of	
   the	
   possible	
   paths	
  

would	
  be	
  preferentially	
   co-­‐regulated,	
   and	
   thus	
  would	
   include	
  highly	
   correlated	
  

gene	
  expression	
  (19).	
  Extracting	
   top	
  correlated	
  paths	
   from	
  a	
   list	
  of	
  all	
  possible	
  

paths	
  based	
  can	
  be	
  considered	
  as	
  most	
  active	
  metabolic	
  paths.	
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Figure	
   2.3	
   Gene	
   expression	
   matrix.	
   Rows	
   are	
   genes	
   and	
   columns	
   are	
  
samples.	
  Samples	
  can	
  be	
  divided	
  into	
  groups	
  according	
  to	
  the	
  experimental	
  
conditions.	
  
	
  

Figure	
   2.3	
   shows	
   an	
   example	
   of	
   a	
   gene	
   expression	
   matrix	
   used	
   as	
   input	
   to	
  

network	
   path	
   mining.	
   Gene	
   expression	
   measurements	
   (rows)	
   for	
   each	
   sample	
  

(columns)	
  are	
  provided	
  as	
  numerical	
  values.	
  The	
  correlations	
  between	
  adjacent	
  

genes	
   (with	
   respect	
   to	
   the	
   input	
  network)	
   are	
  used	
   to	
  weight	
   the	
   edges	
  of	
   the	
  

network.	
  Using	
  a	
  weighted	
  network,	
  top	
  k	
  active	
  paths	
  are	
  then	
  extracted.	
  

2.3. Workflow	
  of	
  NetPathMiner	
  
NetPathMiner	
   package	
   contains	
   several	
   functions	
   necessary	
   to	
   automate	
  

network	
  path	
  mining.	
  The	
  basic	
   flow	
  chart	
   is	
  presented	
   in	
  Figure	
  2.1.	
  Although	
  

the	
  process	
  flow	
  is	
  optimized	
  for	
  metabolic	
  network	
  analyses,	
  NetPathMiner	
  can	
  

be	
   also	
   applied	
   similarly	
   to	
   other	
   types	
   of	
   networks	
   such	
   as	
   signaling	
   and	
  

regulatory	
  pathways.	
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2.3.1. Pathway	
  File	
  Processing	
  (Step	
  1	
  in	
  Figure	
  2.1)	
  
NetPathMiner	
   gives	
   the	
   user	
   the	
   option	
   to	
   choose	
   from	
   the	
   available	
   pathway	
  

databases	
  by	
  supporting	
  the	
  commonly	
  used	
  pathway	
  file	
  formats:	
  KGML,	
  SBML	
  

and	
  BioPAX.	
  Table	
  2.1	
  summarizes	
  the	
  differences	
  between	
  various	
  file	
  formats.	
  

For	
  detailed	
  discussion	
  about	
  different	
   standard	
   formats,	
   I	
   refer	
   to	
   (44).	
  KGML	
  

files	
  are	
   specific	
   to	
  KEGG	
  database,	
  where	
  each	
  KEGG	
   file	
   contains	
   information	
  

about	
   a	
   single	
   pathway	
   in	
   a	
   particular	
   species.	
   A	
   list	
   of	
   KGML	
   files	
   can	
   be	
  

supplied	
   to	
   NetPathMiner	
   where	
   they	
   are	
   combined	
   into	
   a	
   single	
   network.	
   In	
  

contrast,	
   SBML	
   and	
   BioPAX,	
   each	
   file	
  may	
   contain	
   one	
   or	
  more	
   pathways.	
   For	
  

example,	
  Reactome	
  (22)	
  offers	
  database	
  download	
  in	
  a	
  single	
  file	
  both	
  in	
  SBML	
  

and	
  BioPAX	
  formats,	
  which	
  may	
  be	
  provided	
  also	
  as	
  input	
  to	
  NetPathMiner.	
  Such	
  

files	
  are	
  large,	
  and	
  their	
  parsing	
  tends	
  to	
  be	
  slow	
  if	
  done	
  in	
  R.	
  With	
  the	
  exception	
  

of	
   BioPAX	
  parsing,	
   all	
   the	
   text	
   parsing	
   for	
  KGML	
   and	
   SBML	
   files	
   is	
   carried	
   out	
  

using	
  efficient	
  C++	
  libraries	
  for	
  speed	
  optimization.	
  For	
  BioPAX	
  formatted	
  files,	
  I	
  

opted	
  to	
  make	
  use	
  of	
  functions	
  provided	
  in	
  rBiopaxParser	
  (26).	
  

Table	
  2.2	
  Differences	
  between	
  major	
  pathway	
  file	
  formats.	
  
Features	
   KGML	
   SBML	
   BioPAX	
  
Number	
  of	
  pathways	
  per	
  file	
   One	
   One	
   One	
  or	
  more	
  
Are	
  metabolic	
  reactions	
  
distinct?	
   Yes	
   No	
   Yes	
  
Transport	
  reactions	
   No	
   Yes	
  a	
   Yes	
  
Reaction	
  kinetics	
   No	
   Yes	
   No	
  
Cellular	
  location	
   No	
   Yes	
   Yes	
  
MIRIAM	
  annotations	
   No	
   Yes	
   Yes	
  

Databases	
   KEGG	
  

Reactome,	
  
Biomodels,	
  
Recon	
  X	
  

PID,	
  Reactome,	
  
BioCyc,	
  Biocarta,	
  
WikiPathways	
  

a	
  Transport	
  reactions	
  are	
  detected	
  indirectly	
  from	
  reaction	
  description.	
  

Similar	
  pathways	
  may	
  be	
  represented	
  differently	
  due	
  to	
  the	
  discrepancy	
  in	
  how	
  

different	
  databases	
  and	
  file	
  formats	
  represent	
  the	
  data.	
  To	
  alleviate	
  the	
  effect	
  of	
  

such	
  discrepancies	
  between	
   file	
   formats	
  on	
   the	
  constructed	
  networks,	
   the	
  user	
  

can	
   choose	
   whether	
   to	
   parse	
   pathways	
   as	
   metabolic	
   or	
   signaling	
   networks.	
  

Metabolic	
   reactions	
   are	
   represented	
   as	
   “reactions”	
   in	
   both	
   SBML	
   and	
   KGML	
  

formats,	
   while	
   in	
   BioPAX,	
   they	
   are	
   termed	
   “biochemical	
   reactions”	
   to	
  

discriminate	
   them	
   from	
   other	
   transport	
   and	
   assembly	
   reactions.	
   The	
   resulting	
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network	
   here	
   is	
   given	
   as	
   bipartite	
   graph,	
   where	
  metabolite	
   and	
   reactions	
   are	
  

represented	
  as	
  different	
  vertex	
  types.	
  In	
  contrast,	
  when	
  pathways	
  are	
  parsed	
  as	
  

signaling	
  pathways,	
   the	
  output	
  network	
   is	
   a	
   gene	
  network.	
   Signaling	
  pathways	
  

can	
   be	
   parsed	
   from	
   KGML	
   format	
   using	
   “relation”	
   attribute	
   between	
   different	
  

proteins,	
   and	
   from	
  BioPAX	
   format	
  as	
   a	
   “control”	
   class.	
   SBML	
  doesn’t	
  provide	
  a	
  

way	
   to	
  differentiate	
   between	
  metabolic	
   reactions	
   and	
  other	
   types	
   of	
   reactions,	
  

thus,	
  signaling	
  pathways	
  are	
   first	
  parsed	
  as	
  metabolic	
  bipartite	
  graph,	
  which	
   is	
  

then	
  converted	
  to	
  a	
  gene	
  network.	
  	
  

I	
  choose	
  igraph	
  package	
  to	
  represent	
  all	
  our	
  constructed	
  network	
  objects	
  in	
  R	
  to	
  

efficiently	
   handle	
   large	
   graphs	
   commonly	
   encountered	
   in	
   biology	
   and	
   to	
   allow	
  

NetPathMiner	
   to	
   integrate	
   with	
   other	
   network	
   analysis	
   tools.	
   igraph	
   is	
   an	
   R	
  

package	
  that	
  contains	
  a	
  comprehensive	
  set	
  of	
   functions	
   for	
  analysis	
  of	
  complex	
  

networks	
  (30).	
  Besides	
  being	
  able	
   to	
  handle	
   large	
  graphs	
  efficiently,	
  commonly	
  

encountered	
   in	
   biology,	
   igraph	
   representations	
   allow	
   the	
   integration	
   of	
  

NetPathMiner	
  with	
  other	
  analytical	
  methods	
  in	
  the	
  package.	
   In	
  addition,	
   igraph	
  

objects	
   provide	
   a	
   standard	
   format	
   for	
   network	
   objects	
   facilitating	
   future	
  

development.	
  

2.3.1.1. Network	
  attributes:	
  
NetPathMiner	
  uses	
  MIRIAM	
  identifiers	
  (45)	
  to	
  standardize	
  annotation	
  attributes	
  

across	
  different	
  file	
  formats.	
  NetPathMiner	
  attempts	
  to	
  extract	
  most	
  of	
  the	
  vertex	
  

attributes	
   available	
   in	
   each	
   file	
   format,	
   such	
   as	
   Uniprot,	
   kegg.compound,	
   GO,	
  

ChEBI	
   identifiers	
   using	
   URI	
   syntax.	
  Moreover,	
   the	
   user	
   can	
   provide	
   additional	
  

attribute	
  names,	
  where	
  the	
  parser	
  searches	
  for	
  such	
  attributes,	
  and	
  fetches	
  them.	
  	
  

Moreover,	
   NetPathMiner	
   also	
   implements	
   an	
   attribute	
   fetcher	
   using	
   BridgeDb	
  

web	
  service	
  (46)	
  to	
  convert	
  between	
  different	
  MIRIAM	
  annotations.	
  

2.3.2. Network	
  Manipulation	
  (Step	
  2	
  in	
  Figure	
  2.1)	
  

2.3.2.1. Network	
  representations	
  
Network	
  representation	
  involves	
  how	
  the	
  biological	
  information	
  is	
  incorporated	
  

in	
  the	
  network	
  structure.	
  I	
  explain	
  below	
  the	
  different	
  representations	
  available.	
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Metabolic	
  network	
   is	
  a	
  series	
  of	
  chemical	
  reactions,	
   in	
  which	
  a	
  gene	
  or	
  a	
  set	
  of	
  

genes	
   catalyze	
   each	
   reaction.	
   Each	
   chemical	
   reaction	
   consists	
   of	
   substrates	
  

(chemical	
   compounds	
   consumed	
   in	
   the	
   reaction),	
   products	
   (compounds	
  

produced)	
  and	
  annotated	
  genes.	
  	
  

NetPathMiner	
  provides	
   three	
  network	
  representations	
   for	
  metabolic	
  networks:	
  

i)	
  Metabolic	
  representation	
  which	
  is	
  as	
  a	
  directed	
  bipartite	
  graph	
  G(V,E)	
  and	
  V	
  

=	
   {M	
  υ	
   R}	
   where	
  M	
  and	
  R	
  are	
   sets	
   of	
   metabolites	
   and	
   reactions,	
   respectively.	
  

Reaction	
  vertices	
  R	
  represent	
  the	
  transition	
  events	
  themselves,	
  and	
  the	
  direction	
  

of	
  an	
  edge	
  e	
  (r	
  ,	
  m)	
  indicates	
  whether	
  metabolite	
  m	
  is	
  a	
  substrate	
  or	
  a	
  product.	
  ii)	
  

Reaction	
  representation	
  deletes	
  metabolite	
  M	
  vertices,	
  retaining	
  them	
  as	
  edge	
  

attributes	
   between	
   reactions.	
   iii)	
   Gene	
   representation	
   expands	
   reaction	
  

vertices	
   into	
   their	
   catalyzing	
   gene(s).	
   Since	
   certain	
   genes	
   may	
   participate	
   in	
  

several	
  reactions,	
  separate	
  gene	
  vertices	
  are	
  created	
  for	
  each	
  reaction	
  that	
  they	
  

participate	
  in.	
  

2.3.2.2. Network	
  Editing	
  
NetPathMiner	
   implements	
   several	
   network-­‐editing	
   functions	
   to	
   amend	
   those	
  

provided	
   by	
   igraph.	
   NetPathMiner	
   provides	
   functions	
   to	
   delete	
   vertices	
   and	
  

expand	
  gene	
  complexes.	
  	
  

2.3.2.2.1. Ubiquitous	
  metabolites:Ubiquitous	
  metabolites,	
  such	
  as	
  currency	
  

compounds	
   (ATP,	
   CO2)	
   and	
   reaction	
   cofactors	
   are	
   prevalent	
   in	
   metabolic	
  

networks.	
  However,	
  connecting	
  reactions	
  through	
  these	
  metabolites	
  may	
  not	
  be	
  

biologically	
  meaningful.	
  NetPathMiner	
  can	
  either	
  remove	
  ubiquitous	
  metabolites,	
  

or	
  create	
  separate	
  vertices	
  for	
  each	
  reaction	
  they	
  participate	
  in.	
  	
  

2.3.2.2.2. Reactions	
  with	
  missing	
  genes	
  
NetPathMiner	
  relies	
  on	
  the	
  gene	
  annotations	
  of	
  reaction	
  nodes	
  to	
  find	
  correlated	
  

paths,	
   and	
   therefore	
   reaction	
   nodes	
   with	
   no	
   annotated	
   genes	
   represent	
  

discontinuity	
  in	
  the	
  genetic	
  component	
  of	
  the	
  network	
  structure.	
  There	
  are	
  three	
  

main	
   reasons	
   for	
   a	
   reaction	
   node	
   to	
   have	
   no	
   associate	
   genes:	
   1)	
   Spontaneous	
  

reactions	
  (Figure	
  2.4a),	
  2)	
  Translocation	
  reactions	
  (Figure	
  2.4b),	
  which	
  transport	
  

metabolites	
   across	
   cellular	
   membranes,	
   however	
   involve	
   no	
   chemical	
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modification	
  and	
  3)	
  Missing	
  annotations.	
  	
  NetPathMiner	
  allows	
  the	
  user	
  to	
  detect	
  

spontaneous	
  and	
  translocation	
  reactions	
  and	
  remove	
  them,	
  without	
  affecting	
  the	
  

biological	
  interpretation	
  (Figure	
  2.4).	
  

	
  

Figure	
  2.4	
  Examples	
  of	
  reactions	
  with	
  no	
  associated	
  genes	
  
	
  

2.3.2.2.3. Vertex	
  expansion	
  and	
  contraction:	
  	
  
NetPathMiner	
   provides	
   functions	
   to	
   expand	
   /	
   contract	
   vertices	
   by	
   their	
  

annotation	
  attributes,	
  useful	
   in	
  expanding	
  protein	
  complexes.	
  Vertex	
  expansion	
  

can	
  be	
  utilized	
  to	
  unify	
  annotations	
  used	
   in	
  networks	
   from	
  different	
  databases.	
  

For	
   example,	
   to	
   compare	
   Reactome	
   networks	
   with	
   KEGG	
   ones,	
   metabolite	
  

vertices	
   can	
   be	
   expanded	
   to	
   their	
   KEGG	
   compound	
   annotations.	
   Vertex	
  

contraction,	
  on	
  the	
  contrary,	
  can	
  be	
  used	
  to	
  examine	
  interactions	
  between	
  sets	
  of	
  

vertices,	
   such	
   as	
  pathways	
   and	
   gene	
   sets.	
   For	
   example,	
   contracting	
   vertices	
  by	
  

their	
  pathway	
  annotations	
  yields	
  a	
  network	
  in	
  which	
  pathways	
  are	
  vertices	
  and	
  

edges	
   represent	
   their	
   crosstalk.	
   Similar	
   technique	
   can	
   be	
   used	
   to	
   investigate	
  

metabolite	
  transport	
  between	
  cellular	
  compartments.	
  

a.#Spontaneous#Reac.ons#

R1# SP# R2#m1# m2#
Spontaneous#Intermediate#

Metabolite#

R1# R2#m2#
m1#9>#SP#

b.#Transloca.on#Reac.ons#

R1# RT# R2#m1# m1#

Cellular#
Membrane#

m1#9>#RT#
R1# R2#m1#
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2.3.3. Weighting	
  the	
  network	
  (Step	
  3	
  in	
  Figure	
  2.1)	
  
	
  In	
   this	
  step,	
  edges	
  on	
   the	
  provided	
  network	
  are	
  assigned	
  weights	
  according	
   to	
  

Pearson	
   correlation	
   of	
   gene	
   expression.	
   Gene	
   expression	
   profiles	
   should	
   be	
  

provided	
   as	
   a	
   numeric	
   matrix,	
   where	
   rows	
   represent	
   genes	
   and	
   columns	
  

represent	
   biological	
   samples.	
   Importantly,	
   in	
   the	
   gene	
   expression	
  matrix,	
   gene	
  

IDs	
   must	
   match	
   the	
   IDs	
   annotated	
   in	
   the	
   input	
   network.	
   Moreover,	
   biological	
  

samples	
   can	
   be	
   further	
   labeled	
   into	
   categories	
   (control/treatment,	
  

alive/deceased),	
   where	
   edge	
   weights	
   are	
   computed	
   for	
   each	
   label	
   separately.	
  

Aside	
   from	
   the	
   provided	
   weighting	
   function,	
   users	
   can	
   provide	
   edge	
   weights	
  

computed	
   from	
   a	
   customized	
   function	
  without	
   altering	
   the	
   rest	
   of	
   the	
   process	
  

flow.	
  

2.3.4. Path	
  Ranking	
  (Step	
  4	
  in	
  Figure	
  2.1)	
  
Path	
   ranking	
   functions	
  attempts	
   to	
   find	
  a	
   set	
  of	
  paths	
  of	
  node/edge	
   sequences	
  

(paths)	
  maximizing	
   edge	
  weights.	
   	
   Generally,	
   paths	
   are	
   extracted	
  between	
   two	
  

sets	
  of	
  nodes,	
   starting	
  nodes,	
  denoted	
  as	
  S,	
   and	
   target	
  nodes,	
  denoted	
  as	
  T.	
  By	
  

default,	
   NetPathMiner	
   uses	
   all	
   entry	
   and	
   exit	
   compounds	
   of	
   the	
   metabolic	
  

network	
   as	
   starting	
   and	
   target	
   nodes,	
   respectively.	
   However,	
   S	
   and	
   T	
   can	
   be	
  

specified	
  by	
  the	
  user	
  as	
  input.	
  

Currently,	
   two	
   methods	
   for	
   path	
   ranking	
   are	
   implemented	
   in	
   NetPathMiner,	
  

“shortest.path”	
  or	
  “p.value”	
  returning	
  outputs	
  a	
  list	
  of	
  k-­‐most	
  probable	
  paths,	
  or	
  a	
  

list	
  of	
  paths	
  passing	
  a	
  p-­‐value	
  cutoff,	
  respectively.	
  Path	
  ranking	
  functions	
  can	
  be	
  

used	
   independently	
   or	
   as	
   part	
   of	
   the	
  described	
  process	
   flow.	
   In	
  both	
   cases,	
   all	
  

what	
  is	
  required	
  is	
  a	
  weighted	
  igraph	
  object,	
  and	
  functions	
  can	
  return	
  a	
  ranked	
  

path	
  list.	
  

NetPathMiner	
   ranks	
   paths	
   from	
   networks	
   by	
   one	
   of	
   the	
   two	
   methods,	
  

probabilistic	
   shortest-­‐path	
   and	
  p-­‐value	
  methods.	
  Both	
   statistical	
  methods	
   rank	
  

paths	
  by	
  their	
  edge	
  weights,	
  in	
  which	
  paths	
  with	
  larger	
  edge	
  weights	
  are	
  ranked	
  

higher.	
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2.3.4.1. Probabilistic	
  Shortest-­‐path	
  Method:	
  
Given	
   a	
  weighted	
   network,	
   the	
  method	
   identifies	
   top	
  K	
   paths	
   between	
   sets	
   of	
  

start	
  s	
  and	
  end	
  t	
  vertices.	
  The	
  probabilistic	
  shortest-­‐path	
  method	
  is	
  described	
  in	
  

detail	
   in	
   a	
   previous	
   paper	
   (19),	
   and	
   was	
   implemented	
   in	
   a	
   previous	
   package	
  

PathRanker	
   (31).	
   Briefly,	
   the	
   method	
   considers	
   the	
   empirical	
   cumulative	
  

distribution	
  function	
  (ECDF)	
  of	
  all	
  edges	
  to	
  probabilistically	
  rank	
  the	
  edges	
  in	
  the	
  

network.	
  For	
  each	
  edge	
  e	
   	
  E,	
  the	
  probability	
  of	
  an	
  edge	
  weight	
  is	
  given	
  by	
  (1):	
  

𝑝𝑟𝑜𝑏(𝑒) = 𝑃!"#$ 𝑒 	
   	
   	
   	
   	
   (1)	
  

where	
  𝑃!"#$ 𝑒 	
  is	
  probability	
  of	
  getting	
  an	
  edge	
  weight	
  of	
   less	
   than	
  or	
  equal	
   to	
  

that	
   of	
   e	
   from	
   the	
   empirical	
   distribution	
   of	
   all	
   edge	
   weights	
   in	
   the	
   Network.	
  

Therefore,	
  for	
  a	
  path	
  p	
  consisting	
  of	
  a	
  sequence	
  of	
  n	
  edges	
  will	
  be:	
  

𝑝𝑟𝑜𝑏 𝑝 =    𝑃!"#$(𝑒!)!
!!! 	
   	
   	
   	
   (2)	
  

Here	
   I	
   set	
   s	
   and	
   t	
   sets	
   as	
   entry	
   and	
   exit	
   nodes	
   of	
   the	
   network,	
   allowing	
   the	
  

enumeration	
  and	
  ranking	
  of	
  paths	
  across	
  the	
  network.	
  To	
  formulate	
  the	
  problem	
  

as	
  a	
  shortest	
  path	
  problem	
  (2)	
  is	
  redefined	
  as:	
  

𝑠𝑐𝑜𝑟𝑒 𝜋 =    −log  (𝑃!"#$(!
!!! 𝑒!))	
  	
   	
   (3)	
  

If	
  π	
  is	
  the	
  path	
  p	
  score,	
  the	
  shortest	
  path	
  problem	
  can	
  be	
  solved	
  by	
  minimizing	
  

the	
  value	
  of	
  score(π).	
  Computationally,	
  K-­‐shortest	
  paths	
  are	
  enumerated	
  by	
  Yen-­‐

Lawler	
   algorithm,	
   which	
   uses	
   dynamic	
   programming	
   to	
   solve	
   the	
   problem	
   in	
  

polynomial	
  time	
  (47,	
  48).	
  If	
  π	
  is	
  the	
  path	
  p	
  score,	
  the	
  shortest	
  path	
  problem	
  can	
  

be	
  solved	
  by	
  minimizing	
  the	
  value	
  of	
  score(π).	
  Computationally,	
  K-­‐shortest	
  paths	
  

are	
  enumerated	
  by	
  Yen-­‐Lawler	
  algorithm,	
  which	
  uses	
  dynamic	
  programming	
  to	
  

solve	
  the	
  problem	
  in	
  polynomial	
  time	
  (47,	
  48).	
  	
  

When	
  ranking	
  paths	
  using	
  the	
  shortest-­‐path	
  method	
  (20),	
  two	
  parameters	
  can	
  be	
  

tuned	
  by	
  users.	
  The	
  first	
  parameter	
  is	
  number	
  of	
  returned	
  paths	
  K.	
  While	
  a	
  large	
  

K	
  will	
  increase	
  the	
  computation	
  time	
  significantly,	
  limiting	
  the	
  returned	
  path	
  list	
  

to	
   a	
   few	
   paths	
   will	
   not	
   recover	
   all	
   correlated	
   paths	
   over	
   the	
   network.	
   From	
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previous	
   real	
   data	
   experiment,	
   I	
   concluded	
   that	
  K=1,000-­‐10,000	
   is	
   reasonable	
  

for	
  genome-­‐wide	
  metabolic	
  network	
  analysis,	
  and	
  can	
  be	
  decreased	
  for	
  smaller	
  

networks	
   (20).	
   The	
   second	
   parameter	
   is	
   the	
   minimum	
   returned	
   path	
   length.	
  

Since	
  the	
  shortest-­‐path	
  based	
  ranking	
  will	
  tend	
  to	
  return	
  very	
  short	
  paths,	
  often	
  

biologically	
   uninteresting,	
   setting	
   a	
   minimum	
   path	
   length	
   allows	
   the	
  

investigation	
   of	
   longer,	
   biologically	
   relevant	
   paths.	
   However,	
   increasing	
   the	
  

threshold	
  for	
  returned	
  path	
  length	
  will	
  also	
  increase	
  the	
  computation	
  time.	
  

2.3.4.2. P-­‐value	
  Method:	
  
The	
   probabilistic	
   method	
   described	
   above	
   aims	
   to	
   minimize	
   path	
   scores,	
   and	
  

therefore	
   is	
   biased	
   to	
   shorter	
   paths.	
   The	
   p-­‐value	
   method	
   presented	
   in	
   (49)	
  

corrects	
  the	
  path	
  length	
  dependency	
  by	
  reformulating	
  the	
  problem	
  into	
  a	
  p-­‐value	
  

minimization	
   problem	
   to	
   find	
   paths	
   of	
   which	
   the	
   sum	
   of	
   edge	
   weights	
   are	
  

significantly	
  larger	
  than	
  those	
  of	
  random	
  paths	
  of	
  similar	
  lengths.	
  

For	
  sets	
  of	
  start	
  T	
  and	
  end	
  T	
  vertices,	
  finding	
  paths	
  with	
  minimum	
  p-­‐value	
  relies	
  

on	
  a	
  two-­‐step	
  algorithm.	
  For	
  each	
  s	
  ∈	
  T	
  and	
  t	
  ∈	
  T	
  vertices,	
  first,	
  a	
  list	
  shortest	
  

paths	
   of	
   all	
   possible	
   lengths	
   is	
   enumerated.	
   Second,	
   calculating	
   the	
  p-­‐value	
   for	
  

this	
  list	
  to	
  identify	
  the	
  most	
  significant	
  path	
  between	
  s	
  and	
  t.	
  

P-­‐values	
   of	
   paths	
   are	
   estimated	
   based	
   on	
   the	
   empirical	
   distributions	
   of	
   path	
  

scores	
  of	
  similar	
   lengths	
  (simply	
   the	
  sum	
  of	
   their	
  edge	
  weights).	
  The	
  empirical	
  

distributions	
  are	
  estimated	
  by	
  randomly	
  sampling	
  paths	
  from	
  the	
  network.	
  Paths	
  

of	
   increasing	
   lengths	
   are	
   randomly	
   sampled	
   using	
   Metropolis	
   sampling	
  

algorithm	
   (50),	
   and	
   the	
   probability	
   of	
   path	
   scores	
   are	
   stored	
   as	
   reference	
   to	
  

compute	
   the	
   p-­‐values	
   for	
   shortest	
   path	
   list.	
   For	
   detailed	
   discussion	
   about	
   the	
  

method	
  and	
  algorithm,	
  I	
  refer	
  the	
  supplementary	
  methods	
  in	
  (49).	
  

Users	
  using	
  p-­‐value	
  method	
  can	
  set	
  a	
  p-­‐value	
  cutoff,	
  in	
  which	
  paths	
  with	
  lower	
  p-­‐

values	
   are	
   extracted.	
   Since	
   the	
   method	
   corrects	
   for	
   path	
   length	
   dependency,	
  

setting	
  a	
  minimum	
  path	
  length	
  threshold	
  is	
  unnecessary.	
  However,	
  a	
  maximum	
  

path	
  length	
  can	
  be	
  set	
  to	
  limit	
  the	
  computation	
  time.	
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2.3.5. Paths	
  Clustering	
  and	
  Classification	
  (Step	
  5	
  in	
  Figure	
  2.1)	
  
Network	
  path	
  mining	
  functions	
  return	
  a	
  large	
  number	
  of	
  paths,	
  hampering	
  their	
  

manual	
  investigation.	
  For	
  example,	
  to	
  uncover	
  most	
  of	
  the	
  correlated	
  paths	
  in	
  a	
  

full	
  metabolic	
  network,	
  1,000-­‐10,000	
  paths	
  should	
  be	
  extracted.	
  To	
  facilitate	
  the	
  

analysis	
   of	
   such	
   large	
   number	
   of	
   paths,	
   I	
   include	
   path	
   clustering	
   methods	
   in	
  

NetPathMiner	
  package.	
  

To	
   cluster	
   extracted	
   paths	
   according	
   to	
   their	
   structure,	
   pathCluster	
   function	
  

utilizes	
   the	
   3M	
  Markov	
  mixture	
  model	
   (32),	
   which	
   identifies	
  M	
  key	
   functional	
  

components	
  by	
  using	
   the	
  Markov	
   structure	
  of	
   all	
   extracted	
  paths.	
  With	
  a	
  user-­‐

specified	
  M	
  as	
  an	
  input,	
  paths	
  can	
  be	
  grouped	
  into	
  M	
  clusters	
  according	
  to	
  their	
  

underlying	
   functional	
   structure,	
   making	
   their	
   analysis	
   more	
   feasible.	
  

Alternatively,	
  when	
   it	
   is	
   interesting	
   to	
   find	
   paths	
   that	
   are	
   specific	
   to	
   a	
   certain	
  

biological	
   condition,	
   NetPathMiner	
   pathClassifier	
   function	
   uses	
   a	
   supervised	
  

version	
  of	
  the	
  3M	
  model	
  to	
  identify	
  a	
  set	
  of	
  paths	
  that	
  can	
  be	
  used	
  to	
  classify	
  a	
  

particular	
   response	
   label	
   (31).	
   Both	
   clustering	
   and	
   classification	
   methods	
   are	
  

adopted	
  from	
  our	
  previous	
  package,	
  PathRanker.	
  For	
  detailed	
  discussion	
  of	
   the	
  

methodology	
  I	
  refer	
  to	
  (20).	
  

2.3.6. Visualization	
  (Step	
  6	
  in	
  Figure	
  2.1)	
  
NetPathMiner	
  provides	
  both	
  static	
  and	
  interactive	
  visualizations	
  of	
  ranked	
  paths	
  

using	
  annotation	
  information	
  and	
  machine	
  learning	
  techniques,	
  making	
  manual	
  

investigation	
   easier.	
   Figure	
   2.5a-­‐c	
   show	
   a	
   visualization	
   example	
   of	
   different	
  

graph	
   representations	
   using	
   the	
   output	
   of	
   the	
   last	
   step,	
   allowing	
   users	
   to	
  

examine	
  metabolic	
  regulation	
  at	
  different	
  biological	
  system	
  levels.	
  Visualization	
  

function	
  matches	
  vertices	
  across	
  all	
  input	
  representations	
  and	
  plots	
  them	
  using	
  

the	
   same	
   layout.	
   To	
   make	
   visualization	
   of	
   a	
   huge	
   number	
   of	
   paths	
   clearer,	
  

NetPathMiner	
  assigns	
   the	
   same	
  color	
   to	
  all	
  paths	
   in	
  each	
  obtained	
  cluster,	
   and	
  

assigns	
  the	
  same	
  color	
  to	
  vertices	
  within	
  the	
  same	
  cellular	
  compartment	
  (Figure	
  

2.6).	
  Figure	
  2.5d-­‐e	
  show	
  vertices	
  in	
  each	
  path	
  as	
  well	
  as	
  probability	
  of	
  each	
  path	
  

belonging	
  to	
  clusters.	
  	
  

NetPathMiner	
   maximizes	
   the	
   use	
   of	
   annotation	
   attributes	
   in	
   network	
  

visualization	
  to	
  enhance	
  manual	
  investigation.	
  Figure	
  2.6	
  shows	
  a	
  gene	
  network	
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where	
   vertices	
   in	
   the	
   same	
   cellular	
   compartment	
   have	
   the	
   same	
   color,	
   and	
  

drawn	
  closer	
  to	
  each	
  other	
  in	
  the	
  layout.	
  

NetPathMiner	
   also	
   supports	
   interactive	
   visualization	
   in	
   Cytoscape	
   by	
   either	
  

exporting	
   networks	
   in	
   GML	
   format	
   or	
   using	
   RCytoscape	
   (51),	
   which	
   allows	
  

thorough	
   investigation	
  of	
  vertex	
  annotations	
  and	
   full	
  customization	
  of	
  network	
  

colors	
  and	
  layout.	
  Exporting	
  networks	
  to	
  Cytoscape,	
  allows	
  the	
  integration	
  with	
  

its	
   functions	
   and	
   plugins.	
   Figure	
   2.7	
   shows	
   the	
   same	
   network	
   in	
   Figure	
   2.6,	
  

visualized	
  in	
  Cytoscape,	
  using	
  the	
  same	
  layout,	
  allowing	
  the	
  user	
  to	
  interactively	
  

select	
  and	
  investigate	
  individual	
  vertices	
  or	
  edges.	
  

	
  

Figure	
   2.5	
   NetPathMiner	
   path	
   visualization.	
   Carbohydrate	
   metabolism	
  
network	
  extracted	
   from	
  Reactome,	
   and	
  analyzed	
  with	
  NetPathMiner.	
  Top	
  
100	
   paths	
   were	
   extracted,	
   and	
   groups	
   into	
   3	
   clusters.	
   Paths	
   plotted	
   on	
  
different	
  network	
  representations	
  and	
  colored	
  by	
  cluster	
  mem-­‐bership.	
  (a)	
  
Metabolite-­‐reaction	
   bipartite	
   representation.	
   (b)	
   Reaction	
   network	
  
representation	
  plotted	
  using	
  the	
  same	
  layout	
  as	
  a.	
  (c)	
  The	
  underlying	
  gene	
  
network	
   of	
   carbohydrate	
  metabolism,	
   plotted	
   using	
   the	
   same	
   layout.	
   (d)	
  
Paths	
   (rows)	
   and	
   their	
   components	
   (columns),	
   colored	
   by	
   cluster	
  
membership.	
  (e)	
  Probabilities	
  that	
  each	
  path	
  belongs	
  to	
  its	
  assigned	
  cluster.	
  
	
  

a" b" c"

d" e"
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Figure	
  2.6	
  Carbohydrate	
  metabolic	
  network	
  in	
  gene	
  representation,	
  with	
  
vertices	
  colored	
  by	
  subcellular	
  compartment	
  (plotted	
  in	
  R).	
  
	
  

	
  

Figure	
  2.7 Cytoscape	
  plots	
  for	
  the	
  Carbohydrate	
  metabolic	
  network	
  in	
  gene	
  
representation,	
  with	
  vertices	
  colored	
  by	
  subcellular	
  compartment.	
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2.4. Additional	
  functionalities	
  
In	
  addition	
  to	
  metabolic	
  network	
  path	
  mining,	
  NetPathMiner	
  provides	
  additional	
  

functionalities	
   that	
   are	
   helpful	
   to	
   general	
   network	
   analysis.	
   This	
   section	
  

discusses	
  some	
  of	
  these	
  functionalities.	
  

2.4.1. Analysis	
  of	
  Signaling	
  Networks:	
  
While	
   NetPathMiner	
   focuses	
   on	
   metabolic	
   network	
   analysis,	
   the	
   concept	
   of	
  

network	
  path	
  mining	
  is	
  also	
  applicable	
  to	
  signaling	
  networks,	
  in	
  which	
  case	
  the	
  

extracted	
   linear	
   paths	
   represent	
   signaling	
   cascades.	
   Signaling	
   networks	
  

describes	
   the	
   interactions	
   between	
   genes	
   as	
   directed	
   graph.	
   NetPathMiner	
  

constructs	
  signaling	
  networks	
  from	
  two	
  types	
  of	
  biochemical	
  reactions,	
  signaling	
  

and	
  metabolic	
   reactions.	
  First,	
   signaling	
  reactions	
   include	
  activation/inhibition,	
  

transcription	
   regulations,	
   where	
   edges	
   are	
   directed	
   from	
   the	
   activator	
   to	
   the	
  

activated	
   gene	
   (and	
   similarly	
   from	
   regulator	
   to	
   regulated).	
   Second,	
   genes	
  

catalyzing	
   successive	
  metabolic	
   reactions	
   are	
   considered	
   to	
   interact	
   through	
   a	
  

metabolite,	
  where	
  one	
  gene	
  produce	
  the	
  metabolite	
  and	
  the	
  other	
  gene	
  consume	
  

it.	
  NetPathMiner	
  represents	
  signaling	
  networks	
  as	
  gene	
  representations.	
  

2.4.2. Integration	
  with	
  other	
  R	
  packages	
  
Although	
   NetPathMiner	
   represents	
   networks	
   as	
   igraph	
   objects,	
   it	
   provides	
  

functions	
   to	
   convert	
   networks	
   to	
   graphNEL	
   objects	
   (52),	
   offering	
   direct	
  

integration	
   with	
   a	
   wide	
   range	
   of	
   R	
   packages	
   in	
   Bioconductor	
   (29).	
   Moreover,	
  

NetPathMiner	
   implements	
   functions	
   to	
   generate	
   gene	
   sets	
   using	
   vertex	
  

annotations	
   in	
   a	
   network.	
   For	
   example,	
   from	
   a	
   genome	
   scale	
   network,	
  

getGeneSets	
   function	
   can	
   generate	
   a	
   list	
   of	
   pathways	
   and	
   vertices	
   belonging	
   to	
  

each	
   pathway	
   for	
   direct	
   integration	
  with	
   gene	
   set	
   enrichment	
   analysis	
   (GSEA)	
  

methods	
  (53).	
  In	
  some	
  GSEA	
  methods,	
  where	
  network	
  structure	
  is	
  factored	
  (54),	
  

getGeneSetNetworks	
  functions	
  can	
  be	
  used	
  instead.	
  

2.5. Conclusion	
  
I	
   present	
   NetPathMiner,	
   an	
   easy-­‐to-­‐use	
   R	
   package	
   for	
   network	
   path	
   mining.	
  

NetPathMiner	
  constructs	
  genome	
  scale	
  network	
  from	
  most	
  common	
  pathway	
  file	
  

formats,	
   overcoming	
   the	
   current	
   database	
   specificity.	
   NetPathMiner	
   also	
  

provides	
   different	
   visualizations	
   for	
   output	
   paths,	
   facilitating	
   manual	
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investigations.	
   I	
   emphasize	
   that	
   functions	
   in	
   NetPathMiner	
   can	
   be	
   fully	
  

integrated	
   with	
   other	
   network	
   analysis	
   procedures.	
   Future	
   developments	
  

include	
  providing	
   the	
  package	
  as	
  a	
  web	
  application	
   for	
  a	
  wider	
  audience.	
  With	
  

this	
  R	
  package,	
  I	
  hope	
  to	
  ease	
  the	
  challenges	
  faced	
  by	
  biologists	
  in	
  network	
  path	
  

mining,	
  enhancing	
  its	
  applicability	
  in	
  biological	
  data	
  mining.	
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Chapter	
  3	
  

Current	
  status	
  and	
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  of	
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resources	
  for	
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Chapter	
  Summary	
  
Research	
  in	
  natural	
  products	
  has	
  always	
  enhanced	
  drug	
  discovery	
  by	
  providing	
  

new	
  and	
  unique	
   chemical	
   compounds.	
  However,	
   recently,	
   drug	
  discovery	
   from	
  

natural	
  products	
  is	
  slowed	
  down	
  by	
  the	
  increasing	
  chance	
  of	
  re-­‐isolating	
  known	
  

compounds.	
   Rapid	
   identification	
   of	
   previously	
   isolated	
   compounds	
   in	
   an	
  

automated	
   manner,	
   called	
   dereplication,	
   steers	
   researchers	
   toward	
   novel	
  

findings,	
   thereby	
   reducing	
   the	
   time	
   and	
   effort	
   for	
   identifying	
   new	
   drug	
   leads.	
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Dereplication	
   identifies	
  compounds	
  by	
  comparing	
  processed	
  experimental	
  data	
  

to	
  those	
  of	
  known	
  compounds,	
  and	
  so	
  diverse	
  computational	
  resources	
  such	
  as	
  

databases	
   and	
   tools	
   to	
   process	
   and	
   compare	
   compound	
   data	
   are	
   necessary.	
  

Automating	
   the	
  dereplication	
  process	
   through	
  the	
   integration	
  of	
  computational	
  

resources	
   has	
   always	
   been	
   an	
   aspired	
   goal	
   of	
   natural	
   product	
   researchers.	
   To	
  

increase	
  the	
  utilization	
  of	
  current	
  computational	
  resources	
  for	
  natural	
  products,	
  

this	
   chapter	
   first	
   provides	
   an	
   overview	
   of	
   the	
   dereplication	
   process,	
   and	
   then	
  

lists	
   useful	
   resources,	
   categorizing	
   into	
   databases,	
  methods	
   and	
   software	
   tools	
  

and	
   further	
   explaining	
   them	
   from	
   a	
   dereplication	
   perspective.	
   Finally,	
   the	
  

chapter	
   concludes	
   by	
   discussing	
   the	
   current	
   challenges	
   to	
   automating	
  

dereplication	
  and	
  proposed	
  solutions.	
  

3.1. Introduction	
  
Natural	
   products	
   have	
   been	
   a	
   precious	
   resource	
   for	
   drug	
   discovery	
   and	
   lead	
  

identification	
   (55-­‐57).	
   75%	
   of	
   all	
   FDA	
   approved	
   small	
   molecules	
   are	
   either	
  

natural	
   compounds	
   or	
   derivatives	
   therefrom	
   (11).	
   The	
   potential	
   of	
   natural	
  

products	
  in	
  drug	
  discovery	
  can	
  be	
  attributed	
  to	
  their	
  unique	
  structural	
  scaffolds	
  

and	
  high	
  complexity,	
  creating	
  diverse	
  biological	
  screening	
  libraries	
  (58).	
  Besides	
  

being	
  attractive	
  drug	
  leads,	
  the	
  complexity	
  of	
  natural	
  products	
  and	
  high	
  content	
  

of	
   stereogenic	
  atoms	
   increase	
  protein	
  binding	
  selectivity	
   (59),	
   allowing	
  natural	
  

products	
   to	
   be	
   used	
   in	
   ligand	
   design,	
   particularly	
   fragment-­‐based	
   drug	
   design	
  

(60).	
  

Despite	
   the	
  potential	
  of	
  natural	
  products,	
   there	
  are	
   two	
  main	
   factors	
   that	
   limit	
  

their	
   role	
   in	
   recent	
   drug	
   discovery	
   and	
   lead	
   identification	
   research:	
   i)	
   time-­‐

consuming	
   identification	
   of	
   active	
   compounds:	
   The	
   general	
   manner	
   of	
  

experimental	
   design	
   for	
   identifying	
   natural	
   products	
   remained	
   unchanged	
  

throughout	
  the	
  past	
  decades.	
  That	
  is,	
  it	
  requires	
  time-­‐consuming	
  purification	
  and	
  

inefficient	
   manual	
   interpretation	
   of	
   compound	
   NMR	
   spectra	
   by	
   experts.	
   ii)	
  

Repetitive	
   effort	
   for	
   identifying	
   known	
   compounds.	
   While	
   it	
   is	
   estimated	
   that	
  

more	
   than	
   250,000	
   natural	
   compounds	
   have	
   already	
   been	
   isolated	
   (61,	
   62),	
  

incorporation	
   of	
   such	
   knowledge	
   to	
   enhance	
   drug	
   discovery	
   is	
   still	
   not	
   fully	
  

exploited.	
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To	
  overcome	
  these	
  two	
  factors,	
  one	
  promising	
  approach	
  is	
  dereplication,	
  which	
  

is	
  the	
  early	
  identification	
  of	
  known	
  compounds	
  without	
  time-­‐consuming	
  manual	
  

structure	
   elucidation	
   (63,	
  64).	
   Putative	
   compounds	
   are	
   obtained	
   by	
   comparing	
  

preliminary	
   spectral	
   data	
   to	
   spectral	
   databases	
   of	
   known	
   compounds	
   (This	
  

review	
  mainly	
  focuses	
  on	
  NMR	
  spectra,	
  while	
  methods,	
  software	
  and	
  databases	
  

of	
   NMR	
   spectra	
   can	
   be	
   applied	
   to	
   other	
   types	
   of	
   spectra,	
   such	
   as	
   mass	
  

spectrometry).	
   Early	
   detection	
   of	
   known	
   compounds	
   and	
   their	
   reported	
   and	
  

potential	
  biological	
  activities	
  help	
  researchers	
  to	
  focus	
  their	
  efforts	
  toward	
  novel	
  

findings	
   (65).	
  While	
   the	
   idea	
  of	
  dereplication	
   is	
  decades	
  old	
   (66),	
   it	
  has	
  gained	
  

more	
  attention	
  recently	
  with	
  the	
   increased	
  sensitivity	
   in	
  analytical	
   instruments	
  

(64),	
  which	
  allows	
  structure	
  elucidation	
  at	
  nanomole	
  scales	
  (67-­‐69).	
  In	
  addition,	
  

coupling	
  of	
  ultrasensitive	
  instrument	
  such	
  as	
  capillary	
  NMR	
  and	
  high-­‐resolution	
  

MS	
  with	
  chromatography	
  allows	
  pre-­‐isolation	
  compound	
   identification	
  (70-­‐72),	
  

which	
  significantly	
  reduces	
  time	
  and	
  effort.	
  

Despite	
   instrumental	
   advances	
   that	
   are	
   useful	
   for	
   compound	
   identification,	
  

computational	
  tools	
  for	
  dereplication	
  are	
  still	
  at	
  a	
  developing	
  stage.	
  Fortunately,	
  

natural	
   products	
   and	
   metabolomics	
   share	
   common	
   compound	
   identification	
  

techniques,	
  and	
  they	
  are	
  said	
  to	
  be	
  “two	
  sides	
  of	
  the	
  same	
  coin”	
  (73).	
  Focusing	
  on	
  

detecting	
   dynamic	
   metabolite	
   changes	
   in	
   biological	
   fluids,	
   research	
   in	
  

metabolomics	
   spurred	
   simultaneous	
   development	
   of	
   accurate	
   computational	
  

methods	
  for	
  fast	
  and	
  high	
  throughput	
  identification	
  of	
  compounds	
  from	
  complex	
  

biological	
   mixtures.	
   However,	
   the	
   small	
   but	
   significant	
   differences	
   between	
  

natural	
   products	
   and	
   metabolomics	
   prevent	
   the	
   direct	
   cross-­‐utilization	
   of	
  

computational	
  resources.	
  

Table	
   3.1	
   shows	
   the	
   differences	
   between	
   compound	
   identification	
   in	
   natural	
  

products	
  and	
  metabolomics.	
  From	
  data	
  perspectives,	
  there	
  are	
  particularly	
  three	
  

key	
   differences:	
   1)	
  Natural	
   products	
   reference	
   libraries	
   are	
   larger	
   in	
   size	
   than	
  

those	
  of	
  metabolomics,	
  increasing	
  the	
  computational	
  demand	
  to	
  search	
  through	
  

these	
   libraries,	
   and	
   the	
   lower	
   quality	
   of	
   spectral	
   data	
   poses	
   concern	
   on	
   the	
  

reliability	
   of	
   results.	
   2)	
   Compound	
   identification	
   in	
   metabolomics	
   relies	
   on	
  

“landmark”	
   peak	
   detection	
   (74),	
   often	
   obtainable	
   from	
   proton-­‐based	
   NMR	
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spectra	
  such	
  as	
  1H	
  and	
  TOCSY	
  (75,	
  76).	
  However,	
  due	
  to	
  structural	
  diversity	
  and	
  

spectral	
   complexity	
   of	
   natural	
   products,	
   the	
   identification	
   of	
   natural	
   products	
  

often	
   requires	
   inclusion	
  of	
   carbon-­‐based	
  NMR	
  measurements,	
   such	
  as	
  13C	
  and	
  

HSQC	
   spectra	
   (73,	
   77,	
   78).	
   3)	
   Metabolomics	
   samples	
   are	
   complex	
   biological	
  

mixtures	
  where	
  the	
  goal	
   is	
   to	
  both	
   identify	
  and	
  quantify	
  metabolites.	
  However,	
  

quantitative	
  analysis	
  of	
  mixtures	
  is	
  not	
  the	
  current	
  focus	
  of	
  dereplication.	
  

I	
  review	
  the	
  current	
  status	
  of	
  computational	
  resources	
  that	
  are	
  or	
  could	
  be	
  used	
  

as	
  building	
  blocks	
  to	
  automate	
  dereplication	
  and	
  how	
  they	
  can	
  fit	
  in	
  the	
  current	
  

experimental	
   design.	
   I	
   discuss	
   the	
   overlaps	
   and	
   differences	
   in	
   computational	
  

demands	
  of	
  dereplication	
  and	
  compound	
   identification	
   in	
  metabolomics.	
   I	
   start	
  

by	
   a	
   brief	
   overview	
   of	
   the	
   experimental	
   design	
   of	
   dereplication,	
   followed	
   by	
  

detailed	
  discussion	
  on	
   three	
  computational	
  aspects	
  of	
  dereplication:	
  databases,	
  

methods	
  and	
  software.	
  I	
  finally	
  conclude	
  with	
  future	
  perspectives.	
  

Table	
  3.1	
  Differences	
  between	
  compound	
  identification	
  in	
  natural	
  products	
  
research	
  and	
  metabolomics.	
  
	
   Natural	
  products	
  

research	
  
Metabolomics	
  

Reference	
  library	
  size	
   Large	
  (>250,000)	
  (61)	
   Small	
  (few	
  1,000s)	
  (79)	
  
Quality	
  of	
  reference	
  
spectra	
  

Low	
  (73)	
   High	
  (73)	
  

Types	
  of	
  spectra	
   Both	
  proton	
  &	
  carbon-­‐
based	
  (77,	
  78)	
  

Mainly	
  proton-­‐based	
  
(80)	
  

Structural	
  complexity	
   Complex	
  (81,	
  82)	
   Simple	
  
Sample	
  purity	
   Purified	
  or	
  semi-­‐purified	
  

compounds	
  (73)	
  
Complex	
  biological	
  
fluid	
  mixtures	
  (73,	
  80)	
  

Spectral	
  comparison	
   Pairwise	
   Pairwise	
  or	
  multiple	
  
(time-­‐series)	
  

Overall	
  goal	
   Compound	
  identification	
   Compound	
   identification	
  

and	
  quantification	
  

	
  

3.2. Overview	
  of	
  natural	
  products	
  compound	
  identification	
  
Figure	
  3.1	
  shows	
  compound	
  identification	
  in	
  natural	
  products	
  without	
  and	
  with	
  

dereplication.	
   The	
   standard	
   experimental	
   design	
   for	
   natural	
   product	
  

identification	
   starts	
   with	
   purification	
   of	
   bioactive	
   compounds	
   using	
   bioassay-­‐

guided	
   fractionation	
   from	
   natural	
   extracts	
   (Figure	
   3.1	
   Ia,	
   Ib).	
   Measured	
   full	
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spectral	
  data	
  of	
   the	
  purified	
  compounds	
  are	
  manually	
   interpreted	
   for	
  deducing	
  

the	
   compound	
   structure	
   (Figure	
   3.1	
   Ic,	
   Id),	
   which	
   is	
   then	
   used	
   for	
   literature	
  

inquiry	
   (Figure	
   3.1	
   Ie).	
   With	
   the	
   increasing	
   chance	
   of	
   isolating	
   known	
  

compounds,	
  the	
  time	
  and	
  cost	
  are	
  becoming	
  unacceptable.	
  Dereplication	
  utilizes	
  

prior	
   knowledge	
   of	
   previously	
   isolated	
   compounds	
   for	
   early	
   identification	
   to	
  

minimize	
   human	
   intervention.	
   Ideally,	
   preliminary	
   experimental	
   data,	
   such	
   as	
  

source	
  organism,	
  bioactivity	
  and	
  measured	
  spectra,	
  are	
  used	
  to	
  filter	
  compounds	
  

that	
  are	
  either	
  previously	
  reported	
  or	
  lacking	
  drug-­‐like	
  characteristics.	
  

	
  

Figure	
  3.1	
  Compound	
   identification	
   in	
  natural	
  products	
  without	
  and	
  with	
  
dereplication.	
  
	
  

For	
   researchers	
   to	
   integrate	
   dereplication	
   in	
   their	
   experimental	
   design,	
   they	
  

need	
   a	
   full	
   software	
   suite	
   for	
   automatic	
   NMR	
   processing	
   and	
   analysis	
   that	
   is	
  

linked	
  to	
  a	
  reference	
  database	
  for	
  dereplication.	
  The	
  reference	
  database	
  should	
  

provide	
   a	
   wide	
   coverage	
   of	
   previously	
   isolated	
   natural	
   compounds	
   with	
   their	
  

source	
   organisms	
   and	
   reported	
   /	
   predicted	
   bioactivities.	
   A	
   database	
   query	
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should	
   be	
   carried	
   out	
   with	
   a	
   sophisticated	
   method	
   for	
   compound	
   matching	
  

integrating	
  different	
  types	
  of	
  spectral	
  information.	
  

Three	
  components	
  are	
  needed	
  to	
  develop	
  a	
  complete	
  dereplication	
  software:	
   i)	
  

databases	
   to	
   act	
   as	
   reference	
   libraries,	
   ii)	
   spectral	
   processing	
   and	
   searching	
  

methods	
   to	
   query	
   databases	
   and	
   iii)	
   software	
   tools	
   for	
   spectral	
   preprocessing	
  

and	
  analysis.	
  I	
  discuss	
  each	
  component,	
  identifying	
  available	
  resources	
  and	
  their	
  

current	
   shortcomings	
   where	
   further	
   research	
   is	
   needed.	
   In	
   Section	
   III,	
   I	
  

introduce	
   available	
   databases,	
   discussing	
   their	
   coverage,	
   deposited	
   data,	
   and	
  

relevant	
   query	
   options.	
   In	
   Section	
   IV,	
   I	
   describe	
   different	
   methods	
   as	
   well	
   as	
  

software	
  tools	
  for	
  spectral	
  preprocessing	
  and	
  compound	
  identification.	
  

3.3. Databases	
  
The	
   integration	
   of	
   chemoinformtics	
   modeling	
   in	
   drug	
   design	
   motivated	
   the	
  

development	
   of	
   numerous	
   databases	
   listing	
   chemical	
   compounds	
   with	
   their	
  

biological	
   and	
   physical	
   properties.	
   Databases	
   relevant	
   to	
   natural	
   products	
   are	
  

already	
   reviewed	
   (83-­‐85),	
   while	
   I	
   discuss	
   them	
   here	
   from	
   a	
   dereplication	
  

perspective.	
   I	
   divide	
   available	
   databases	
   into	
   general	
   and	
   natural	
   product-­‐

specific	
   databases	
   (Table	
   3.2	
   and	
   Table	
   3.3,	
   respectively),	
   and	
   score	
   each	
  

database	
  with	
  seven	
  criteria	
  that	
  are	
  important	
  for	
  dereplication:	
  1)	
  Coverage	
  of	
  

known	
  natural	
   compounds,	
   2)	
  Availability	
  of	
   bioactivity	
  data,	
   3)	
  Availability	
  of	
  

source	
  organism	
  data,	
  4)	
  Searchability	
  over	
  compounds	
  by	
  measured	
  compound	
  

spectra,	
   5)	
   Programmatic	
   access	
   through	
   web	
   services	
   or	
   application	
  

programming	
   interfaces	
   (APIs),	
   6)	
   Free	
   availability	
   to	
   use,	
   and	
   7)	
   Free	
  

availability	
  to	
  download.	
  Tables	
  2	
  and	
  3	
  demonstrate	
  that	
  no	
  available	
  databases	
  

satisfy	
   all	
   seven	
   criteria	
   for	
   an	
   ideal	
   dereplication	
   database.	
   Below,	
   I	
   discuss	
  

these	
   databases	
   in	
   terms	
   of	
   coverage,	
   data	
   content,	
   spectral	
   searchability	
   and	
  

access.	
  

3.3.1. General	
  databases	
  (Table	
  3.2):	
  	
  
I	
   include	
   fifteen	
   chemical	
   databases	
   as	
   general	
   databases	
   according	
   to	
   the	
  

following	
  criteria:	
  i)	
  Cover	
  more	
  than	
  10%	
  of	
  already	
  isolated	
  natural	
  products;	
  

around	
   20,000	
   compounds.	
   ii)	
   Contain	
   at	
   least	
   40,000	
   entries	
   including	
   both	
  



	
  34	
  

synthetic	
  and	
  natural	
  compounds.	
  iii)	
  Contain	
  information	
  useful	
  in	
  dereplication,	
  

such	
  as	
  bioactivity,	
  source	
  organism	
  or	
  spectra.	
  

Regarding	
  coverage,	
  five	
  databases	
  contain	
  more	
  than	
  10	
  million	
  entries.	
  General	
  

databases	
  provide	
  wide	
  coverage	
  of	
  natural	
  compounds,	
  with	
  eleven	
  databases	
  

containing	
   more	
   than	
   20,000	
   natural	
   compounds	
   (roughly	
   10%	
   of	
   already	
  

isolated	
  compounds).	
  Despite	
   their	
  wide	
  coverage,	
   searching	
   is	
  not	
  easy	
   to	
  use	
  

for	
   dereplication	
   because	
   synthetic	
   compounds	
   are	
   among	
   search	
   candidates.	
  

Seven	
  databases	
  have	
  natural	
  compounds	
  annotation,	
  which	
  allows	
  users	
  to	
  limit	
  

their	
  search	
  to	
  natural	
  products	
  only.	
  

Dereplication	
   relevant	
   data-­‐contents	
   are	
   two:	
   bioactivity	
   and	
   source	
   organism.	
  

Eleven	
   databases	
   include	
   biological	
   activity.	
   PubChem	
   (86),	
   ChEBML	
   (87)	
   and	
  

BindingDB	
   (88)	
   databases	
   contain	
   detailed	
   bioactivity	
   information	
   such	
   as	
  

biological	
   mechanism	
   and	
   protein	
   targets,	
   which	
   can	
   be	
   used,	
   in	
   conjunction	
  

with	
   spectral	
   information,	
   to	
   enhance	
   compound	
   identification	
   (89).	
  Regarding	
  

source	
  organism,	
  only	
   two	
  databases,	
  ChEBI	
   (90)	
  and	
  Reaxys	
   (91),	
   contain	
   this	
  

information.	
  

While	
  spectral	
  searchability	
  is	
  important	
  in	
  dereplication,	
  searching	
  compounds	
  

by	
  spectral	
  data	
  is	
  not	
  the	
  focus	
  of	
  general	
  databases,	
  and	
  only	
  NMRShiftDB	
  (92),	
  

CSEARCH	
   (93)	
   and	
   SpecInfo	
   (94)	
   have	
   this	
   ability.	
   Compounds	
   in	
   all	
   fifteen	
  

general	
   databases	
   are	
   searchable	
   by	
   similarity	
   of	
   structures	
   or	
   substructures;	
  

however	
   this	
   search	
   has	
   strong	
   limitations	
   for	
   dereplication,	
   where	
  molecular	
  

structures	
  are	
  unknown.	
  

There	
  are	
  three	
  ways	
  to	
  access	
  general	
  databases:	
  1)	
  manual	
  access,	
  2)	
  access	
  via	
  

database	
   download	
   or	
   3)	
   programmatic	
   access.	
   Twelve	
   databases	
   can	
   be	
  

accessed	
   manually	
   for	
   free	
   and	
   nine	
   of	
   them	
   are	
   freely	
   downloadable.	
   Ten	
  

databases	
  provide	
  APIs	
  to	
  access	
  the	
  data	
  though	
  programs,	
  which	
  enable	
  their	
  

integration	
   to	
   user-­‐customized	
   analysis	
   flows.	
   However,	
   programmatic	
   access	
  

has	
  limitations	
  for	
  dereplication	
  because	
  either	
  necessary	
  data	
  or	
  query	
  options	
  

are	
  lacking.	
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Table	
  3.2	
  General	
  chemical	
  databases.	
  

Database	
  
Website	
  (http://)	
  

Coverage	
   Data	
  Content	
  
Spectral	
  

Searchability	
  
Programmatic	
  

Access	
  

Free?	
  

Score	
  #	
  NPs	
   #	
  Compounds	
   Bioactivity	
  (type)	
  
Source	
  

Organism	
   Use	
  Download	
  

BindingDB	
  (88)	
   www.bindingdb.org	
   NA	
   >450k	
   �(protein	
  
binding)	
  

	
   	
   �	
   �	
   �	
   5	
  

ChEBI	
  	
  (90)	
   www.ebi.ac.uk/chebi/	
   >25k	
   >42k	
   �(all)	
   �	
   	
   �	
   �	
   �	
   5	
  
ChemBank	
  (95)	
   chembank.broadinstitute.org	
   NA	
   >800k	
   �(all)	
   	
   	
   �	
   �	
   �	
   5	
  
Chembl	
  (87)	
   www.ebi.ac.uk/chembl/	
   24K	
   >600k	
   �(all)	
   	
   	
   �	
   �	
   �	
   5	
  
ChemIDplus	
   chem.sis.nlm.nih.gov/chemidplus/	
   >9k	
   >400k	
   �(all)	
   	
   	
   	
   �	
   	
   2	
  
ChemSpider	
  (96)	
   www.chemspider.com	
   >660K	
   >14M	
   �(all)	
   	
   	
   �	
   �	
   �	
   5	
  
CSEARCH	
  (93)	
   nmrpredict.orc.univie.ac.at/	
   NA	
   >450k	
   	
   	
   �	
   	
   �	
   	
   3	
  
NCI	
   cactus.nci.nih.gov/ncidb2.2/	
   NA	
   >250k	
   �	
   	
   	
   �	
   �	
   �	
   5	
  
NIAID	
  ChemDB	
  	
   chemdb.niaid.nih.gov	
   >9k	
   >130k	
   �(allergy,	
  

infectious	
  
diseases)	
  

	
   	
   	
   �	
   	
   2	
  

NMRShiftDB	
  (92)	
   nmrshiftdb.nmr.uni-­‐koeln.de	
   NA	
   >42k	
   	
   	
   �	
   	
   �	
   �	
   4	
  
PubChem	
  (86)	
   pubchem.ncbi.nlm.nih.gov	
   NA	
   >30M	
   �(all)	
   	
   	
   �	
   �	
   �	
   5	
  
Reaxys	
  (91)	
   www.reaxys.com/reaxys	
   >200k	
   >10M	
   �(all)	
   �	
   	
   �	
   	
   	
   4	
  
SciFinder	
   scifinder.cas.org	
   NA	
   >90M	
   �(all)	
   	
   	
   �	
   	
   	
   3	
  
SpecInfo	
  (94)	
   www.wiley-­‐

vch.de/stmdata/specinfo.php	
  
3.5k	
   >500k	
   	
   	
   �	
   	
   	
   	
   1	
  

ZINC	
  (97)	
   zinc.docking.org	
   >180k	
   >20M	
   	
   	
   	
   	
   �	
   �	
   3	
  
	
  
#NPs:	
  Number	
  of	
  natural	
  product	
  compounds.	
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Table	
  3.3	
  Natural	
  products-­‐specific	
  databases.	
  

Database	
  
Website	
  (http://)	
  

Coverage	
   Data	
  Content	
  
Spectral	
  

Searchability	
  
Programmatic	
  

Access	
  

Free?	
  
Score	
  #	
  

Compounds	
   Bioactivity	
  
Source	
  

Organism	
   Use	
  Download	
  

AntiBase	
  (98)	
   www.wiley-­‐vch.de/stmdata/antibase.php	
   >40k	
   �(all)	
   �	
   �	
   	
   	
   	
   4	
  
BACTIBASE	
  (99)	
   bactibase.pfba-­‐lab-­‐tun.org	
   220	
   �(all)	
   �	
   	
   	
   �	
   �	
   4	
  
CamMedNP	
  (100)	
   NA	
   2.5k	
   	
   �	
   	
   	
   �	
   �	
   3	
  
ConMedNP	
  (101)	
   NA	
   3.2k	
   	
   �	
   	
   	
   �	
   �	
   3	
  
Dictionary	
  of	
  
marine	
  NP	
  

dmnp.chemnetbase.com	
   >30k	
   �(all)	
   �	
   	
   	
   	
   	
   3	
  

Dictionary	
  of	
  NP	
   dnp.chemnetbase.com	
   >250k	
   �(all)	
   �	
   	
   	
   	
   	
   3	
  
HeteroCycles	
   www.heterocycles.jp/newlibrary/natural_product

s/	
  structure	
  
>58k	
   ¢(anti-­‐

microbial)	
  
�	
   	
   	
   �	
   	
   4	
  

Marinlit	
   pubs.rsc.org/marinlit/	
   >24k	
   �(all)	
   �	
   �	
   	
   	
   	
   4	
  
NAPROC-­‐13	
  (102)	
   c13.usal.es	
   >20k	
   	
   	
   �	
   	
   �	
   	
   3	
  
NPACT	
  (103)	
   crdd.osdd.net/raghava/npact/	
   1574	
   �(anti-­‐

cancer)	
  
	
   	
   	
   �	
   	
   2	
  

NuBBE	
  (104)	
   nubbe.iq.unesp.br/portal/nubbedb.html	
   640	
   �(anti-­‐
microbial)	
  

�	
   	
   	
   �	
   �	
   4	
  

PhytAMP	
  (105)	
   phytamp.pfba-­‐lab-­‐tun.org	
   273	
   �(anti-­‐
microbial)	
  

�	
   	
   	
   �	
   �	
   4	
  

SuperNatural	
  
(106,	
  107)	
  

bioinformatics.charite.de/supernatural	
   >350k	
   �(all)	
   	
   	
   	
   �	
   	
   3	
  

TCM	
  database	
  
(108)	
  

tcm.cmu.edu.tw	
   >20k	
   �(traditional	
  
Chinese	
  
medicine)	
  

�	
   	
   	
   �	
   �	
   5	
  

UDNP	
  (109)	
   pkuxxj.pku.edu.cn/UNPD	
   230k	
   	
   �	
   	
   	
   �	
   �	
   4	
  
	
  
¢:	
  Limited	
  data.	
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3.3.2. Natural	
  products-­‐specific	
  databases	
  (Table	
  3.3):	
  	
  
I	
   raise	
   fifteen	
  databases	
   that	
   catalogue	
  molecules	
   isolated	
   from	
  natural	
   origins	
  

only,	
  excluding	
  those	
  limited	
  to	
  primary	
  metabolites,	
  as	
  those	
  are	
  relevant	
  only	
  

to	
   metabolomics.	
   In	
   terms	
   of	
   coverage,	
   nine	
   specific	
   databases	
   exceed	
   20,000	
  

entries.	
   Because	
   of	
   the	
   coverage	
   limitation,	
   it	
   is	
   better	
   to	
   use	
  multiple	
   specific	
  

databases	
   for	
   reliable	
   dereplication.	
   Some	
   specific	
   databases	
   have	
   limited	
  

coverage	
   because	
   they	
   focus	
   on:	
   i)	
   particular	
   compound	
   features	
   such	
   as	
  

compound	
   class	
   (PhytAMP	
   (105)	
   and	
   BACTIBASE	
   (99))	
   or	
   bioactivity	
   (NPACT	
  

(103))	
  and	
  ii)	
  particular	
  compound	
  origins	
  such	
  as	
  compounds	
  from	
  a	
  particular	
  

family	
   of	
   source	
   organisms	
   (CamMedNP(100)	
   and	
   ConMedNP	
   (101))	
   or	
  

geographic	
  location	
  (NuBBE	
  (104)	
  and	
  TCM	
  (108)).	
  	
  

Despite	
  their	
  limited	
  coverage,	
  specific	
  databases	
  contain	
  bioactivity	
  and	
  source	
  

organism	
  information,	
  useful	
  in	
  dereplication.	
  Eleven	
  specific	
  databases	
  contain	
  

bioactivity	
   data.	
   Typical	
   examples	
   are	
   NuBBE	
   (104)	
   and	
   NPACT	
   (103),	
   which	
  

provide	
   effective	
   compound	
   concentrations	
   of	
   different	
   bioactivities	
   for	
   each	
  

entry.	
   All	
   specific	
   databases	
   have	
   source	
   organism	
   information,	
   except	
   for	
  

SuperNatural	
  (106,	
  107),	
  NPACT	
  (103)	
  and	
  NAPROC-­‐13	
  (102).	
  	
  

Spectral	
   searchability	
   is	
   limited	
   in	
   specific	
  databases	
  because	
  of	
   the	
   scarcity	
  of	
  

spectral	
   data.	
   Only	
   three	
   databases	
   have	
   spectral	
   searchability,	
   and	
   only	
   one	
  

database,	
  NAPROC-­‐13	
  (102),	
  is	
  freely	
  accessible	
  but	
  limited	
  to	
  13C	
  spectra	
  only.	
  

Regarding	
  database	
  access,	
  eleven	
  specific	
  databases	
  can	
  be	
  manually	
  searched,	
  

seven	
  of	
  which	
  are	
  freely	
  downloadable.	
  Specific	
  databases	
  are	
  usually	
  in-­‐house	
  

developed	
   and	
   all	
   of	
   them	
   do	
   not	
   provide	
   programmatic	
   access	
   to	
   the	
   data,	
  

limiting	
  automatic	
  search	
  and	
  integration	
  to	
  other	
  software.	
  	
  

3.4. Methods	
  and	
  Software	
  
This	
  section	
  describes	
  computational	
  methods	
  and	
  software	
  tools	
  used	
  as	
  parts	
  

of	
  natural	
  product	
  dereplication	
  process.	
  Table	
  3.4	
  summarizes	
  two	
  main	
  steps	
  

of	
   dereplication:	
   spectral	
   preprocessing,	
   and	
   compound	
   identification.	
   First,	
  

spectral	
   preprocessing	
   involves	
   reformatting	
   and	
   denoising	
   of	
   the	
   acquired	
  

spectra	
   to	
   alleviate	
   the	
   instrumental	
   and	
  experimental	
  discrepancies	
   (80,	
  110).	
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Second,	
  compound	
  identification	
  uses	
  preprocessed	
  spectra	
  and	
  compares	
  them	
  

to	
   a	
   reference	
   database.	
   To	
   realize	
   automatic	
   and	
   fast	
   dereplication,	
   each	
   step	
  

needs	
   to	
  be	
   carried	
  out	
  efficiently	
  with	
  minimal	
  human	
   intervention.	
  Table	
  3.5	
  

lists,	
   to	
   the	
  best	
  of	
   our	
  knowledge,	
   currently	
   available	
   software	
   tools	
   for	
   these	
  

steps,	
  comparing	
  the	
  tools	
  according	
  to	
  functionalities.	
  	
  

Note	
   that	
   while	
   I	
   focus	
   here	
   on	
   software	
   for	
   spectral	
   preprocessing	
   and	
  

compound	
  identification,	
  natural	
  product	
  dereplication	
  needs	
  additional	
  tools	
  to	
  

manage	
  and	
  visualize	
  chemical	
  structures	
  and	
  spectra.	
  For	
  example,	
  structures	
  of	
  

chemical	
  compounds	
  are	
  usually	
  represented	
  as	
  SDF	
  or	
  MOL	
  files,	
  and	
  software	
  

tools,	
   such	
  as	
  Open	
  Babel	
   toolbox	
  (111)	
  and	
  ChemmineR	
  (112),	
   rcdk	
  (113)	
  and	
  

Rcpi	
  (114)	
  R	
  packages,	
  are	
  needed	
  to	
  handle	
  these	
  files	
  and	
  pass	
  the	
  data	
  to	
  the	
  

dereplication	
   software	
   for	
   processing	
   or	
   visualization.	
   For	
   result	
   visualization,	
  

Java	
   and	
   JavaScript	
   libraries,	
   such	
   as	
   JSpecView	
   (115),	
   JSME	
   (116),	
   MarvinJS	
  

(117),	
  can	
  offer	
  in-­‐browser	
  chemical	
  structure	
  and	
  spectral	
  visualization	
  for	
  web	
  

applications.	
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Table	
  3.4	
  Analysis	
  flow	
  of	
  spectra	
  from	
  acquisition	
  to	
  compound	
  identification.	
  
Spectral	
  
Preprocessing	
  

File	
  Format	
  
Conversion	
  

• JCAMP-­‐DX	
  
• NMRPipe	
  
• Sparky	
  

Baseline	
  
Correction	
  

1. Baseline	
  recognition	
  
• Derivative	
  functions	
  
• Wavelet-­‐based	
  

2. Baseline	
  modeling	
  
• Polynomial	
  
• Regression	
  
• Smoothing	
  

3. Baseline	
  subtraction	
  
Alignment	
   • FFT	
  alignment	
  

• Multiple-­‐dimension	
  
Compound	
  
Identification	
  

Data	
  Reduction	
   v Peak	
  lists	
  
• Peak	
  picking	
  

£ Numerical	
  vectors	
  
• Binning	
  
• Feature	
  Extraction	
  

o Sliding	
  window	
  
o PCA	
  

Ø Trees	
  
Spectral	
  
Comparison	
  

v Peak	
  lists	
  
• Tanimoto	
  coefficient	
  
• Jaccard	
  similarity	
  

£ Numerical	
  vectors	
  
• Correlation-­‐based	
  

o Dot	
  product	
  
o Pearson’s	
  correlation	
  
o 	
  Spearman’s	
  correlation	
  
o Weighted	
  cross-­‐correlation	
  
o 	
  Partial	
  and	
  semi-­‐partial	
  

correlation	
  	
  
• Distance-­‐based	
  

o Absolute	
  value	
  distance	
  
o Euclidean	
  distance	
  

Ø Trees	
  
• Tree-­‐based	
  comparison	
  

Database	
  Search	
   • Identity	
  search	
  
• Ranking	
  search	
  
• Interpretative	
  search	
  

	
  



	
  40	
  

	
  
Table	
  3.5	
  Software	
  tools	
  with	
  a	
  potential	
  role	
  in	
  dereplication.	
  

Software	
   Software	
  Type	
   Spectra	
  Type	
   GUI	
  

Spectral	
  Preprocessing	
   Compound	
  Identification	
  

Free?	
   Score	
  

File	
  Form
at	
  

Conversion	
  

Baseline	
  
Correction	
  

Alignm
ent	
  

Peak	
  Picking	
  

Binning	
  

Feature	
  
Extraction	
  

ACD	
  Labs	
   Desktop	
   NMR	
  (1D,2D),	
  MS	
   � �	
   �	
   �	
   �	
   	
   	
   	
   4	
  
Automics	
  (118)	
   Desktop	
   NMR	
   � �	
   �	
   �	
   �	
   �	
   �	
   �	
   7	
  
BATMAN	
  (119)	
   R	
  package	
   NMR	
   	
   	
   �	
   �	
   	
   �	
   	
   �	
   4	
  
ChemoSpec(120)	
   R	
  package	
   Any	
   	
   	
   �	
   	
   �	
   	
   	
   �	
   3	
  
Chenomx	
  NMR	
  suite	
   Desktop	
   NMR	
  (1D,2D)	
   � �	
   �	
   �	
   �	
   �	
   	
   	
   5	
  
cuteNMR	
   Desktop	
   NMR	
   � �	
   �	
   	
   �	
   	
   	
   �	
   4	
  
MestreNova	
   Desktop	
   NMR	
  (1D,2D),	
  MS	
   � �	
   �	
   �	
   �	
   	
   	
   	
   4	
  
mSPA	
  (121)	
   R	
  package	
   Any	
   	
   	
   	
   �	
   	
   	
   	
   �	
   2	
  
MVAPACK(122)	
   Octave	
  package	
   NMR	
  (1D,2D)	
    �	
   �	
   �	
   �	
   �	
   �	
   �	
   7	
  
mylims.org	
  (123)	
   Web	
   NMR,	
  MS	
    �	
   �	
   	
   �	
   	
   	
   �	
   4	
  
Nmrglue	
  (124)	
   Python	
  package	
   NMR	
  (1D,2D)	
    �	
   �	
   	
   �	
   	
   	
   �	
   4	
  
Nmrpipe	
  (125)	
   Desktop	
   NMR	
    �	
   �	
   	
   �	
   �	
   	
   �	
   5	
  
NMRS	
  (126)	
   R	
  package	
   NMR	
    �	
   	
   	
   	
   	
   	
   �	
   2	
  
PERCH	
   Desktop	
   NMR	
  (1D,2D)	
   � �	
   �	
   �	
   �	
   	
   	
   	
   4	
  
rnmr	
  (127)	
   R	
  package	
   NMR	
  (2D)	
   � �	
   �	
   	
   �	
   �	
   	
   �	
   5	
  
speaq	
  (128)	
   R	
  package	
   NMR	
   	
   	
   	
   �	
   �	
   	
   	
   �	
   2	
  
	
  
GUI:	
  Graphical	
  User	
  Interface.	
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Figure	
   3.2	
   Spectral	
   preprocessing.	
   1H	
   NMR	
   spectra	
   of	
   cholesterol	
   and	
   stigmasterol,	
   two	
   common	
   and	
   structurally	
   similar	
  
natural	
   compounds,	
   are	
   used	
   for	
   demonstration.	
   The	
   raw	
   NMR	
   files	
   were	
   downloaded	
   from	
   HMDB	
   (79)	
   and	
   converted	
   to	
  
JCAMP-­‐format	
  DX	
  using	
  Mestrenova.	
  Baseline	
  estimation	
  was	
  performed	
  in	
  R	
  using	
  3rd	
  order	
  polynomial	
  fitting.	
  The	
  baseline-­‐
corrected	
  spectra	
  were	
  stacked,	
  and	
  then	
  aligned	
  using	
  Mestrenova,	
  showing	
  higher	
  similarity	
  (Peasron’s	
  correlation	
  of	
  0.423)	
  
than	
  before	
  alignment	
  (0.288).	
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Figure	
  3.3	
  Data	
  reduction	
  of	
  spectra.	
  1H	
  and	
  13C	
  NMR	
  spectra	
  of	
  camphor,	
  a	
  natural	
  compound,	
  demonstrate	
  the	
  effect	
  of	
  each	
  
data	
  reduction	
  method	
  on	
  different	
  types	
  of	
  spectra.	
  Peak	
  picking	
  reduces	
  the	
  13C	
  spectrum	
  to	
  a	
  few	
  peaks	
  (2a),	
  but	
  fails	
  with	
  
the	
   1H	
   spectrum	
   (1a)	
   as	
   resonance	
   coupling	
   generates	
  numerous	
   overlapping	
  multiplet	
   peaks.	
  Binning	
  produces	
   in	
   a	
   large	
  
vector	
  (1532	
  bin)	
  in	
  the	
  13C	
  spectrum	
  and	
  a	
  small	
  one	
  in	
  the	
  1H	
  spectrum	
  (47	
  bins).	
  Both	
  spectra	
  are	
  reduced	
  to	
  relatively	
  few	
  
nodes	
  when	
  represented	
  as	
  trees.	
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3.4.1. Spectral	
  preprocessing	
  
I	
  categorize	
  preprocessing	
  methods	
  into	
  three	
  main	
  steps:	
  file	
  format	
  conversion,	
  

baseline	
   correction	
   and	
   alignment.	
   I	
   first	
   discuss	
   each	
   step,	
   and	
   demonstrate	
  

baseline	
   correction	
   and	
   alignment	
   on	
   example	
   spectra	
   (1H	
   NMR	
   spectrum	
   of	
  

stigmasterol	
  in	
  Figure	
  3.2).	
  I	
  finally	
  summarize	
  available	
  software	
  tools.	
  

3.4.1.1. File	
  format	
  conversion:	
  
While	
   the	
  acquired	
  spectra	
  are	
   initially	
  stored	
  as	
  proprietary	
  data	
   formats	
   that	
  

are	
   specific	
   to	
   each	
   instrument,	
   converting	
   them	
   to	
   a	
   common	
   instrument-­‐

independent	
   format	
  ensures	
  easier	
  data	
  exchange	
  and	
  wider	
  compatibility.	
  For	
  

NMR	
  spectra,	
  JCAMP-­‐DX	
  (129),	
  NMRPipe	
  (125)	
  and	
  Sparky	
  (130)	
  are	
  among	
  the	
  

most	
   used	
   file	
   formats	
   for	
   describing	
   spectral	
   information	
   of	
   small	
  molecules.	
  

JCAMP-­‐DX	
   (129)	
   provides	
   a	
   simple	
   and	
   human-­‐readable	
   format,	
   and	
   allows	
  

additional	
  labels	
  to	
  describe	
  experimental	
  conditions	
  and	
  parameters.	
  However,	
  

representation	
   of	
   multi-­‐dimensional	
   NMR	
   spectra	
   in	
   JCAMP-­‐DX	
   is	
   not	
  

standardized.	
   NMRPipe	
   (125)	
   and	
   Sparky	
   (130)	
   have	
   been	
   used	
   in	
   web	
  

applications	
   (131,	
   132)	
   for	
   their	
   strong	
   standardization	
   and	
   the	
   ability	
   to	
  

represent	
  multi-­‐dimensional	
  NMR	
  spectra.	
  

Current	
   NMR	
   file	
   formats	
   mainly	
   have	
   the	
   following	
   three	
   limitations	
   for	
  

dereplication.	
  First,	
   current	
   file	
   formats	
  do	
  not	
   contain	
   structures	
  of	
  measured	
  

compounds,	
  which	
   prevent	
   assigning	
   spectral	
   peaks	
   to	
   corresponding	
   atoms.	
   I	
  

have	
   to	
   include	
   additional	
   files	
   for	
   compound	
   structure	
   and	
   peak	
   assignment	
  

information	
  (133,	
  134),	
  which	
  cannot	
  be	
  linked	
  easily	
  with	
  spectral	
  files.	
  Second,	
  

1D	
  NMR	
  and	
  2D	
  NMR	
   spectral	
   data	
   of	
   the	
   same	
   sample	
   cannot	
   be	
   linked	
  with	
  

each	
  other	
  in	
  current	
  file	
  formats.	
  Third,	
  current	
  file	
  formats	
  are	
  still	
  insufficient	
  

to	
   fully	
   represent	
   measurements	
   and	
   experimental	
   parameters	
   in	
   high	
  

throughput	
  studies	
  (133).	
  CCPN	
  (135,	
  136)	
  and	
  STAR	
  (137-­‐139)	
  provide	
  different	
  

formats	
  that	
  can	
  be	
  used	
  for	
  high	
  throughput	
  studies,	
  but	
  are	
  tailored	
  for	
  protein	
  

NMR	
  experiments.	
  A	
  suitable	
  file	
  format	
  for	
  natural	
  product	
  dereplication	
  is	
  still	
  

needed	
  to	
  overcome	
  the	
  above	
  three	
  limitations.	
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3.4.1.2. Baseline	
  correction:	
  	
  
Removal	
   of	
   baseline	
   drifting	
   is	
   crucial	
   to	
   remove	
   noise	
   and	
   artifacts	
   resulting	
  

from	
  different	
  measurement	
  conditions.	
  Generally,	
  baseline	
  correction	
  has	
  three	
  

steps,	
  baseline	
  recognition,	
  modeling	
  and	
  subtraction.	
  First,	
  baseline	
  recognition	
  

distinguishes	
   peak	
   regions	
   from	
   baseline	
   points,	
   exploiting	
   the	
   fact	
   that	
   peak	
  

regions	
  have	
  higher	
  variation	
  in	
  intensity.	
  Higher	
  variation	
  regions	
  are	
  detected	
  

using	
  spectrum	
  derivatives	
  (140)	
  or	
  wavelet	
   transformation	
  (141-­‐144).	
  Second,	
  

baseline	
   modeling	
   estimates	
   a	
   curve	
   based	
   on	
   baseline	
   points,	
   by	
   linear	
  

interpolation	
   or	
   non-­‐linear	
   approximations	
   like	
   polynomial	
   fitting	
   (145,	
   146),	
  

LOcally	
   Weighted	
   Scatterplot	
   Smoothing	
   (LOWESS)	
   and	
   quantile	
   regressions	
  

(147-­‐151)	
   and	
  Whittaker	
   smoother	
   (141,	
  152).	
   Finally,	
   in	
   baseline	
   subtraction,	
  

the	
  estimated	
  baseline	
  curve	
   is	
   subtracted	
   from	
  the	
  spectrum,	
   leaving	
  only	
   the	
  

peak	
  signals.	
  

In	
  natural	
  product	
  dereplication,	
  baseline	
  correction	
  is	
  a	
  minor	
  step	
  compared	
  to	
  

metabolomics	
  because	
  of	
   two	
  main	
  differences:	
   i)	
  Since	
  dereplication	
  currently	
  

focuses	
  on	
  compound	
  identification	
  rather	
  than	
  quantification,	
  accurate	
  baseline	
  

estimation	
   is	
   less	
   significant	
   (73).	
   ii)	
   Dereplication	
   is	
   usually	
   performed	
   on	
  

purified	
   compounds	
   where	
   spectra	
   are	
   less	
   crowded	
   than	
   those	
   of	
   biological	
  

mixtures.	
  Therefore,	
   simple	
  polynomial	
   fitting	
   is	
   usually	
  preferred	
   for	
  baseline	
  

correction,	
   instead	
   of	
   more	
   computationally	
   demanding	
   techniques	
   such	
   as	
  

LOWESS	
  and	
  quantile	
  regressions	
  and	
  Whittaker	
  smoother.	
  In	
  our	
  example,	
  the	
  

baseline	
  is	
  estimated	
  as	
  a	
  third-­‐order	
  polynomial	
  function	
  (Figure	
  3.2).	
  

3.4.1.3. Alignment:	
  	
  
Alignment	
   of	
   spectra	
   is	
   a	
   process	
   to	
   alleviate	
   the	
   effect	
   of	
   experimental	
  

conditions	
   on	
   peak	
   positions	
   by	
   shifting	
   data	
   points	
   to	
   match	
   a	
   reference	
  

spectrum	
  (80,	
  110).	
   Spectral	
  alignment	
  and	
  relevant	
   software	
   tools	
  are	
  already	
  

reviewed	
  in	
  detail	
  (110),	
  and	
  so	
  I	
  only	
  describe	
  alignment	
  here	
  briefly.	
  Alignment	
  

is	
  performed	
  for	
  quantitative	
  comparison	
  between	
  multiple	
  spectra	
  of	
  different	
  

samples	
  that	
  have	
  similar	
  chemical	
  compositions,	
  and	
  therefore	
  it	
   is	
  a	
  standard	
  

manner	
   for	
   time-­‐series	
  NMR	
  spectra	
   in	
  metabolomics.	
  Using	
   the	
  same	
  concept,	
  

alignment	
  can	
  be	
  applied	
  in	
  dereplication	
  when	
  spectra	
  for	
  different	
  fractions	
  of	
  

the	
  same	
  extract	
  are	
  compared	
  (153).	
  Figure	
  3.2	
  shows	
  how	
  alignment	
  removes	
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subtle	
   chemical	
   shift	
   differences	
   in	
   the	
   spectra	
   of	
   two	
   structurally	
   similar	
  

compounds,	
   cholesterol	
   and	
   stigmasterol,	
   increasing	
   the	
   overall	
   similarity	
  

between	
  the	
  two	
  spectra.	
  

3.4.1.4. Software	
  summary	
  for	
  spectral	
  preprocessing:	
  	
  
Table	
  3.5	
  shows	
   that	
  out	
  of	
   sixteen	
  currently	
  available	
   software,	
   three	
  steps	
   in	
  

spectral	
   preprocessing,	
   i.e.	
   file	
   format	
   conversion,	
   baseline	
   correction	
   and	
  

alignment	
   are	
   implemented	
   in	
   twelve,	
   thirteen	
   and	
   nine	
   software	
   tools,	
  

respectively,	
   meaning	
   that	
   baseline	
   correction	
   is	
   the	
   most	
   implemented.	
   Six	
  

software	
   tools,	
   ACD	
   Labs,	
   Automics	
   (118),	
   Chenomx	
   NMR	
   suite,	
   MestreNova,	
  

MVAPACK	
  (122)	
  and	
  PERCH,	
   implement	
  all	
   three	
  steps,	
  of	
  which	
  Automics	
  and	
  

MVAPACK	
   are	
   freely	
   available,	
   making	
   them	
   most	
   useful	
   for	
   spectral	
  

preprocessing.	
  Six	
  other	
  tools	
  implement	
  two	
  steps,	
  and	
  the	
  remaining	
  four	
  tools	
  

(all	
  are	
  R	
  packages)	
  specialize	
  in	
  only	
  one	
  step.	
  

3.4.2. 	
  Compound	
  identification	
  
For	
  compound	
  identification,	
  preprocessed	
  spectra	
  are	
  converted	
   into	
  different	
  

representations	
   to	
  be	
  compared	
  against	
   reference	
  spectra	
   in	
  a	
  computationally	
  

efficient	
  manner,	
  to	
  find	
  compounds	
  with	
  the	
  highest	
  spectral	
  similarity.	
  In	
  order	
  

to	
   carry	
  out	
   compound	
   identification,	
   three	
   steps	
  are	
   required:	
  data	
   reduction,	
  

spectral	
  comparison	
  and	
  searching	
  databases.	
  I	
  explain	
  each	
  of	
  these	
  three	
  below.	
  

3.4.2.1. Data	
  reduction:	
  
Spectral	
  comparison	
  of	
  raw	
  spectra	
  needs	
   long	
  computation	
  time	
  because	
  each	
  

spectrum	
   has	
   a	
   large	
   number	
   of	
   data	
   points	
   (more	
   than	
   20,000	
   points	
   for	
   1H	
  

NMR	
  (80)),	
  where	
  each	
  point	
  has	
  a	
  position	
  (chemical	
  shift)	
  and	
  an	
  intensity.	
  To	
  

reduce	
  computation	
  time,	
  I	
  need	
  methods	
  to	
  reduce	
  data	
  size	
  without	
  substantial	
  

loss	
   of	
   information.	
   Data	
   reduction	
   transforms	
   spectral	
   data	
   into	
   peak	
   lists,	
  

numerical	
  vectors	
  or	
   trees.	
   I	
  describe	
   the	
  characteristics	
  of	
  each	
  of	
   these	
   three	
  

representations.	
  

3.4.2.1.1. Peak	
  lists:	
  	
  
Spectra	
   are	
   reduced	
   to	
   peak	
   lists	
   by	
   peak	
   picking	
   (154-­‐156),	
   which	
   greatly	
  

simplifies	
   the	
   spectra	
   to	
   a	
   handful	
   of	
   peak	
   positions	
   and	
   their	
   intensities.	
  

Limitations	
  of	
  peak	
  picking	
  arise	
   if	
   the	
  spectrum	
  contains	
  broad	
  or	
  overlapped	
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peaks,	
   such	
   as	
   crowded	
   1H	
   NMR	
   spectra,	
   in	
   which	
   important	
   peaks	
   can	
   be	
  

missed.	
  	
  

3.4.2.1.2. Numerical	
  vectors:	
  	
  
Spectra	
  can	
  be	
  reduced	
  to	
  numerical	
  vectors	
  of	
  the	
  same	
  size	
  by	
  binning,	
  sliding	
  

window	
   or	
   principal	
   component	
   analysis.	
   First,	
   binning	
   (157-­‐159)	
   divides	
   the	
  

spectrum	
  into	
  intervals	
  and	
  the	
  total	
  intensity	
  in	
  each	
  interval	
  is	
  extracted.	
  While	
  

binning	
   keeps	
   representative	
   information	
   about	
   the	
   spectrum,	
   a	
   peak	
  may	
   be	
  

split	
  into	
  two	
  bins	
  if	
  the	
  bin	
  boundary	
  lies	
  on	
  a	
  peak	
  center,	
  which	
  misrepresents	
  

the	
   peak	
   as	
   shown	
   in	
   (Figure	
   3.3-­‐2a).	
   So,	
   adaptive	
   binning	
   changes	
   bin	
  

boundaries	
   to	
   prevent	
   overlap	
   with	
   peak	
   centers	
   (157,	
   159).	
   Second,	
   sliding	
  

window	
  divides	
  the	
  spectrum	
  into	
  fix-­‐sized	
  but	
  overlapped	
  intervals	
  (160).	
  Third,	
  

principal	
  component	
  analysis	
  reduces	
  spectra	
  by	
  transforming	
  the	
  original	
  data	
  

space	
  into	
  a	
  lower	
  dimension	
  space	
  (161).	
  	
  

3.4.2.1.3. Trees:	
  
	
  A	
  spectrum	
  is	
  transformed	
  into	
  a	
  tree	
  by	
  assigning	
  peaks	
  to	
  end	
  nodes	
  through	
  

recursively	
   dividing	
   the	
   spectrum	
   into	
   subspectra	
   at	
   mass	
   centers	
   (162,	
   163)	
  

(Figure	
  3.3-­‐3a,b).	
  The	
  resulting	
  tree	
  has	
  spectra	
  mass	
  centers	
  as	
  branching	
  nodes	
  

and	
  peaks	
  as	
  end	
   (leaf)	
  nodes,	
  which	
   retains	
   information	
  about	
  peak	
  positions	
  

and	
  as	
  well	
  as	
  their	
  hierarchy.	
  	
  

Two	
  factors	
  are	
  important	
  in	
  data	
  reduction	
  for	
  natural	
  product	
  dereplication:	
  i)	
  

Type	
   of	
  measured	
   spectra:	
   NMR	
   spectra	
   vary	
   in	
   how	
   sharp	
   peaks	
   are	
   and	
   the	
  

propensity	
  for	
  peaks	
  to	
  overlap.	
  Sharp	
  peaks	
  in	
  13C	
  NMR	
  spectra	
  are	
  unlikely	
  to	
  

overlap	
  and	
  so	
  peak	
  lists	
  are	
  suitable.	
  In	
  contrast,	
  1H	
  NMR	
  peaks	
  tend	
  to	
  heavily	
  

overlap,	
   especially	
   that	
   of	
   complex	
   mixtures	
   and	
   in	
   condensed	
   methylene	
  

regions,	
  and	
  so	
  binning	
  or	
  trees	
  are	
  preferred.	
   ii)	
  Spectral	
  comparison	
  measure	
  

suitable	
  for	
  the	
  representation	
  (described	
  in	
  the	
  next	
  section).	
  

3.4.2.2. Spectral	
  comparison:	
  	
  
Spectra	
   are	
   compared	
   using	
   a	
   similarity	
   measure	
   that	
   reflects	
   the	
   structure	
  

similarity	
  of	
  the	
  corresponding	
  compounds.	
  The	
  choice	
  of	
  the	
  similarity	
  measure	
  

depends	
  on	
   the	
  data	
  representation,	
  determined	
  by	
   the	
  data	
  reduction	
  method	
  



	
   47	
  

(described	
   in	
   the	
   previous	
   section).	
   I	
   discuss	
   available	
   similarity	
  measures	
   for	
  

each	
  representation.	
  

3.4.2.2.1. Peak	
  lists:	
  	
  
When	
   spectra	
   are	
   reduced	
   to	
   peak	
   lists,	
   which	
   are	
   of	
   different	
   sizes,	
   they	
   are	
  

represented	
   as	
   sets.	
  	
   Comparing	
   two	
   sets	
  of	
   peaks	
   requires	
   two	
   steps:	
  

1)	
  Matching	
  of	
  set	
  members,	
  to	
  produce	
  one-­‐to-­‐one	
  mappings	
  between	
  peaks	
  of	
  

the	
  query	
  and	
  reference	
  sets.	
  First,	
  a	
  list	
  of	
  matching	
  candidates	
  for	
  each	
  peak	
  is	
  

narrowed	
   to	
  peaks	
  whose	
  positions	
   lie	
  within	
  a	
  defined	
   threshold.	
  A	
   threshold	
  

can	
  be	
  either	
  a	
  fixed	
  window	
  (hard	
  thresholding),	
  which	
  is	
  chosen	
  manually,	
  or	
  

defined	
  statistically	
  using	
  Bayesian	
  (164,	
  165)	
  and	
  probability-­‐based	
  (166,	
  167)	
  

models	
  (soft	
  thresholding),	
  which	
  are	
  more	
  flexible.	
  Second,	
  matching	
  peaks	
  are	
  

chosen	
   from	
   the	
   candidate	
   list	
   by	
   either	
   i)	
   selecting	
   the	
   nearest	
   peak,	
   or	
   ii)	
  

maximum	
   bipartite	
   matching	
   (168),	
   which	
   maximizes	
   the	
   number	
   of	
   pairs	
  

between	
   peaks	
   of	
   the	
   two	
   sets.	
   2)	
  Measuring	
   the	
   overlap	
   between	
   two	
   sets,	
  

which	
   is	
  computed	
  by	
  set	
  similarity	
  measures,	
   typically	
   Jaccard’s	
  similarity	
  and	
  

Tanimoto’s	
  coefficient	
  (169-­‐171).	
  	
  

3.4.2.2.2. Numerical	
  vectors:	
  
	
  Numerical	
  vectors	
  have	
  the	
  same	
  dimension	
  and	
  a	
  typical	
  way	
  to	
  compare	
  them	
  

uses	
   a	
   correlation	
   or	
   distance-­‐based	
   similarity	
  measure	
   such	
   as	
   inner	
   product	
  

(172-­‐174),	
  Euclidean	
  distance	
  (175-­‐177),	
  difference	
  in	
  absolute	
  value	
  (178,	
  179).	
  

Among	
  the	
  three	
  measures,	
  inner	
  product	
  was	
  reported	
  to	
  outperform	
  the	
  other	
  

two	
  measures	
   (180).	
  Measures	
   combining	
   both	
   correlation	
   and	
   distance-­‐based	
  

similarities,	
  such	
  as	
  partial	
  correlation	
  (181)	
  and	
  composite	
  similarity	
  measures	
  

(182),	
  have	
  been	
  shown	
  to	
  perform	
  better	
  than	
  a	
  single	
  measure	
  (183,	
  184).	
  

3.4.2.2.3. Trees:	
  	
  
Trees	
  are	
  compared	
  by	
  taking	
  into	
  account	
  both	
  peak	
  positions	
  (node	
  position)	
  

and	
  their	
  hierarchy	
  (children	
  nodes)	
  (162,	
  163).	
  	
  

3.4.2.2.4. Computational	
  efficiency:	
  
Applying	
  spectral	
  comparison	
  to	
  large	
  databases	
  requires	
  efficient	
  computation	
  

of	
   similarity	
   scores.	
   The	
   speed	
   of	
   computing	
   similarity	
   scores	
   for	
   each	
  

representation	
   is	
   affected	
  by	
   two	
   factors:	
  1)	
  Number	
  of	
  data	
  points	
   in	
   spectral	
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representation	
  and	
  2)	
  Computational	
  complexity	
  of	
  comparing	
  two	
  spectra.	
  First,	
  

number	
   of	
   data	
   points	
   varies	
   between	
   spectra	
   due	
   to	
   a)	
   different	
   spectral	
  

features	
  or	
  data	
  reduction	
  parameters.	
  The	
  number	
  of	
  data	
  points	
   in	
  peak	
   lists	
  

and	
  trees	
  depends	
  on	
  the	
  number	
  of	
  peaks,	
  while	
  in	
  numerical	
  vectors,	
  it	
  is	
  equal	
  

to	
  the	
  number	
  of	
  bins.	
  The	
  typical	
  size	
  of	
  a	
  natural	
  product	
  compound	
  spectra	
  is	
  

tens	
   for	
   peak	
   lists,	
   and	
   250	
   for	
   numerical	
   vectors	
   (chemical	
   shift	
   range:	
  

0~10ppm,	
   bin	
   size:	
   0.04ppm).	
   Second,	
   the	
   computational	
   complexity	
   is	
  

determined	
   by	
   the	
   number	
   of	
   computational	
   operations	
   for	
   comparing	
   two	
  

spectra	
  of	
  N	
  data	
  points,	
  which	
  is	
   in	
  the	
  order	
  of	
  N2	
   for	
  peak	
  lists,	
  and	
  N	
  and	
  N	
  

logN	
   for	
   numerical	
   vectors	
   and	
   trees,	
   respectively.	
   Theoretically,	
   for	
   a	
   similar	
  

number	
  of	
  data	
  points,	
  numerical	
  vectors	
  are	
  the	
  fastest	
  to	
  compare,	
  followed	
  by	
  

trees	
  and	
  peak	
  lists.	
  

3.4.2.3. Searching	
  databases	
  
Three	
   database	
   search	
   paradigms	
   are	
   useful	
   in	
   dereplication:	
   1)	
   identity,	
   2)	
  

ranking	
  and	
  3)	
  interpretative;	
  each	
  search	
  paradigm	
  produces	
  a	
  different	
  output	
  

format	
  (180,	
  185).	
  I	
  explain	
  each	
  paradigm	
  below.	
  

3.4.2.3.1. Identity	
  search:	
  	
  
Identity	
  search	
  returns	
  a	
  single	
  compound	
  with	
  a	
  spectrum	
  that	
  is	
  equivalent	
  to	
  

the	
  query	
  spectrum	
  (164,	
  180).	
  Identity	
  search	
  requires	
  no	
  manual	
  investigation	
  

and	
   so	
   it	
   can	
   be	
   very	
   useful	
   in	
   automating	
   dereplication.	
   However,	
   identity	
  

search	
   has	
   two	
   limitations:	
   1)	
   Searching	
   small-­‐coverage	
   databases	
  may	
   return	
  

empty	
   results,	
   if	
   the	
   exact	
   spectrum	
   is	
   not	
   in	
   the	
   database.	
   2)	
   Setting	
   strict	
  

equivalence	
   criteria	
   may	
   miss	
   spectra	
   that	
   are	
   affected	
   by	
   variations	
   in	
  

experimental	
  conditions	
  or	
  inadequate	
  preprocessing.	
  

3.4.2.3.2. Ranking	
  search:	
  	
  
Ranking	
  search	
  returns	
  a	
  ranked	
  list	
  of	
  compounds	
  with	
  spectra	
  closest	
  to	
  that	
  of	
  

the	
  query	
  by	
  computing	
  similarity	
  scores	
  the	
  query	
  spectrum	
  and	
  all	
  spectra	
  in	
  

the	
   database	
   (178).	
   By	
   investigating	
   common	
   substructures	
   of	
   highly	
   similar	
  

compounds	
   in	
   the	
   list,	
   I	
   can	
   deduce	
   chemical	
   class	
   or	
   functional	
   groups	
   of	
   the	
  

query	
   compound.	
   Similarity	
   scores	
   can	
  also	
  be	
   computed	
  using	
  a	
   subset	
  of	
   the	
  

query	
  spectrum,	
  allowing	
  users	
  to	
  focus	
  on	
  distinctive	
  peaks.	
  One	
  limitation	
  for	
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ranking	
   search	
   is	
   that	
   deducing	
   chemical	
   classes	
   and	
   functional	
   groups	
   still	
  

requires	
  manual	
  investigation,	
  which	
  hampers	
  automatic	
  dereplication.	
  	
  

3.4.2.3.3. Interpretative	
  search:	
  
	
  Interpretative	
   search	
   returns	
   a	
   list	
   of	
  matching	
   fragments	
   by	
   assigning	
   peaks	
  

from	
  the	
  query	
  spectrum	
  to	
  connected	
  fragments	
  of	
  reference	
  compounds	
  (168,	
  

186,	
  187).	
  The	
  output	
  fragments,	
  which	
  belong	
  to	
  different	
  reference	
  compounds,	
  

can	
   then	
   be	
   combined	
   to	
   deduce	
   the	
   query	
   compound	
   structure	
   and	
   so	
  

interpretative	
  search	
  can	
  identify	
  novel	
  compounds	
  that	
  are	
  not	
  included	
  in	
  the	
  

reference	
   database.	
   Currently,	
   interpretative	
   search	
   is	
   not	
   applicable	
   to	
   1H	
  

spectra	
  because	
  of	
  the	
  sensitivity	
  of	
  chemical	
  shifts	
  to	
  spatial	
  interactions	
  (168)	
  

and	
   because	
   peak	
   overlap	
   prevents	
   spectral	
   peaks	
   to	
   be	
   assigned	
   to	
  

corresponding	
  atoms.	
  

3.4.2.4. Software	
  summary	
  for	
  compound	
  identification:	
  	
  
For	
   data	
   reduction,	
   I	
   focused	
   on	
   three	
   spectral	
   representations:	
   i)	
   peak	
   lists	
  

obtained	
  by	
  peak	
  picking	
  ii)	
  numerical	
  vectors	
  obtained	
  by	
  binning	
  and	
  feature	
  

extraction	
   and	
   iii)	
   trees.	
   Table	
   3.5	
   shows	
   that	
   peak	
   picking	
   is	
   the	
   most	
  

implemented	
   method,	
   available	
   in	
   thirteen	
   out	
   of	
   sixteen	
   software	
   tools,	
  

followed	
  by	
  binning	
  and	
   then	
   feature	
  extraction,	
  available	
   in	
  six	
  and	
   two	
   tools,	
  

respectively.	
   No	
   software	
   tools	
   implement	
   tree	
   representation	
   of	
   spectra,	
  

however,	
  the	
  pseudocode	
  is	
  available	
  (162).	
  Automics	
  (118)	
  and	
  MVAPACK	
  (122)	
  

are	
  the	
  only	
  tools	
  implementing	
  the	
  three	
  data	
  reduction	
  methods.	
  rNMR	
  (127),	
  

NMRPipe	
  (125)	
  and	
  PERCH	
  have	
  both	
  peak	
  picking	
  and	
  binning	
  functionalities.	
  

Spectral	
  comparison	
  methods,	
  such	
  as	
  inner	
  product	
  and	
  partial	
  correlation,	
  are	
  

available	
  in	
  statistical	
  software	
  frameworks,	
  such	
  as	
  R	
  and	
  Matlab.	
  

Finally,	
   among	
   database	
   search	
   paradigms,	
   ranking	
   search	
   is	
   implemented	
   in	
  

spectral	
   databases,	
   such	
   as	
   NMRShiftDB	
   (92)	
   and	
   CSEARCH	
   (93),	
   because	
  

chemical	
  class	
  or	
  functional	
  groups	
  can	
  be	
  deduced	
  by	
  investigating	
  the	
  ranked	
  

compound	
  list.	
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3.5. Future	
  Perspectives	
  
Despite	
   the	
   abundance	
   of	
   computational	
   resources	
   that	
   are	
   useful	
   for	
  

dereplication,	
   I	
   need	
   to	
   overcome	
   several	
   challenges	
   to	
   realize	
   the	
   aspired	
  

automation.	
   I	
   discuss	
   four	
   proposed	
   solutions	
   to	
   existing	
   challenges	
   that	
   can	
  

enhance	
  the	
  speed	
  and	
  quality	
  of	
  natural	
  products	
  dereplication	
  results.	
  

3.5.1. Enriching	
  databases	
  using	
  automated	
  machine	
  leaning	
  
methods:	
  

The	
   deficiency	
   of	
   necessary	
   data,	
   namely	
   measured	
   spectra	
   and	
   source	
  

organisms,	
  presents	
  a	
  challenge	
  to	
  the	
  development	
  of	
  a	
  dereplication	
  database,	
  

being	
  summarized	
  into	
  two	
  points:	
  1)	
  The	
  scarcity	
  of	
  measured	
  spectra	
  prevents	
  

spectral	
  searchability	
  from	
  producing	
  reliable	
  results.	
  2)	
  The	
  absence	
  of	
  source	
  

organisms	
   data	
   prevents	
   their	
   use	
   to	
   limit	
   dereplication	
   candidates.	
   Two	
  

machine	
  learning-­‐derived	
  approaches	
  will	
  provide	
  a	
  fast	
  and	
  automated	
  way	
  to	
  

add	
   data	
   to	
   databases	
   and	
   complete	
   missing	
   data:	
   spectral	
   prediction	
   and	
  

literature	
   text	
  mining.	
   First,	
   compound	
   spectra	
   can	
   be	
   predicted	
   from	
   existing	
  

spectra	
   on	
   the	
   basis	
   of	
   compound	
   structural	
   similarity	
   (188).	
   Several	
  machine	
  

learning	
   algorithms	
   have	
   been	
   proposed	
   to	
   predict	
   NMR	
   spectra	
   (189-­‐191),	
   of	
  

which	
   prediction	
   accuracy	
   increases	
   with	
   training	
   data	
   size	
   (192).	
   Similar	
  

algorithms	
   have	
   also	
   been	
   developed	
   for	
   other	
   types	
   of	
   spectra,	
   such	
   as	
  

fragmentation	
   pattern	
   in	
   MS	
   spectra	
   (193-­‐195),	
   ultraviolet	
   spectra	
   (UV)	
   (196)	
  

and	
   chromatographic	
   retention	
   index	
   (197-­‐199).	
   Comparison	
   and	
   accuracy	
  

assessment	
   of	
   NMR	
   prediction	
   algorithms	
   are	
   reviewed	
   in	
   (200-­‐202).	
   Second,	
  

Text	
   mining	
   of	
   chemical	
   information	
   (203,	
   204)	
   can	
   automatically	
   extract	
  

compound	
  associated	
  data	
  such	
  as	
  NMR	
  assignments	
  and	
  source	
  organisms	
  from	
  

the	
  literature.	
  

3.5.2. Developing	
  software	
  suite	
  from	
  building	
  blocks:	
  
The	
  wide	
  use	
  and	
  integration	
  of	
  dereplication	
  to	
  current	
  experimental	
  design	
  is	
  

hampered	
  by	
  the	
  unavailability	
  of	
  open-­‐source	
  software	
  to	
  process	
  NMR	
  spectra,	
  

to	
   link	
   and	
   to	
   summarize	
   information	
   across	
   all	
   submitted	
   spectra.	
   While	
   all	
  

steps	
   for	
   dereplication	
   are	
   implemented	
   in	
   software	
   packages	
   (Table	
   5),	
   the	
  

dereplication	
   process	
   requires	
   the	
   use	
   of	
   different	
   tools	
   and	
   familiarity	
   of	
  

programming	
  languages.	
  To	
  accelerate	
  dereplication,	
  a	
  software	
  suite	
  combining	
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available	
   software	
   packages	
   through	
   a	
   unified	
   graphical	
   interface	
   that	
   can	
   be	
  

used	
  intuitively	
  by	
  experimental	
  researchers	
  on	
  natural	
  products	
  is	
  needed.	
  	
  

3.5.3. Integrating	
  different	
  spectral	
  types:	
  
Relying	
  on	
  NMR	
  data	
  only	
   for	
   compound	
   identification	
  becomes	
   insufficient	
   as	
  

molecular	
   complexity	
   (205,	
   206)	
   increases,	
   as	
   exemplified	
   by	
   fatty	
   acids	
   and	
  

peptides.	
  The	
  integration	
  of	
  different	
  spectral	
  data	
  into	
  dereplication	
  can	
  resolve	
  

structural	
  ambiguities	
  in	
  these	
  chemical	
  classes.	
  Several	
  studies	
  in	
  dereplication	
  

showed	
  promising	
  results	
  by	
  integrating	
  MS	
  fragmentation	
  with	
  UV	
  spectra	
  (207,	
  

208),	
  and	
  in	
  combination	
  with	
  NMR	
  spectra	
  (209,	
  210).	
  However,	
  current	
  studies	
  

have	
  two	
  limitations:	
  1)	
  Other	
  spectral	
  types,	
  such	
  as	
  chromatographic	
  retention	
  

times,	
   can	
   differentiate	
   between	
   compounds	
   that	
   are	
   otherwise	
   similar.	
  While	
  

these	
   spectra	
   utilized	
   in	
   metabolomics	
   (121,	
   181,	
   211),	
   they	
   are	
   not	
   yet	
  

incorporated	
  in	
  dereplication.	
  2)	
  Similarity	
  scores	
  between	
  query	
  and	
  database	
  

compounds	
   are	
   calculated	
   based	
   on	
   only	
   one	
   spectral	
   type,	
   and	
   candidate	
  

structures	
  are	
  then	
  filtered	
  using	
  the	
  other	
  spectra.	
  Calculating	
  similarity	
  scores	
  

based	
  on	
  all	
  available	
  spectra	
  is	
  still	
  lacking.	
  

3.5.4. Sorting	
  databases	
  for	
  efficient	
  search:	
  
Calculating	
   similarity	
   scores	
   between	
   a	
   query	
   spectrum	
   and	
   a	
   database	
  

containing	
   hundreds	
   of	
   thousands	
   of	
   spectra	
   can	
   computationally	
   intensive.	
  

Classifying	
   database	
   compounds	
   using	
   molecular	
   characteristics	
   such	
   as	
  

complexity	
   (206,	
   212),	
   common	
   substructures	
   (70,	
   213)	
   have	
   proved	
   useful	
   in	
  

efficient	
   compound	
   identification	
   (70,	
   71)	
   and	
   mining	
   of	
   chemical	
   databases	
  

(214).	
   Applying	
   similar	
   strategies	
   to	
   spectral	
   databases	
   presents	
   promising	
  

possibilities.	
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Chapter	
  Summary	
  
The	
   popularity	
   of	
   using	
   NMR	
   spectroscopy	
   in	
   metabolomics	
   and	
   natural	
  

products	
  has	
  driven	
  the	
  development	
  of	
  an	
  array	
  of	
  NMR	
  spectral	
  analysis	
  tools	
  

and	
  databases.	
  Particularly,	
  web	
  applications	
  are	
  well	
  used	
  recently	
  because	
  they	
  

are	
  platform-­‐independent	
  and	
  easy	
  to	
  extend	
  through	
  reusable	
  web	
  components.	
  

Currently	
   available	
   web	
   applications	
   provide	
   the	
   analysis	
   of	
   NMR	
   spectra.	
  

However,	
   they	
   still	
   lack	
   the	
   necessary	
   processing	
   and	
   interactive	
   visualization	
  

functionalities.	
   To	
   overcome	
   these	
   limitations,	
   I	
   present	
   NMRPro,	
   a	
   web	
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component	
   that	
   can	
   be	
   easily	
   incorporated	
   into	
   current	
   web	
   applications,	
  

enabling	
   easy-­‐to-­‐use	
   online	
   interactive	
   processing	
   and	
   visualization.	
   NMRPro	
  

integrates	
   server-­‐side	
   processing	
   with	
   client-­‐side	
   interactive	
   visualization	
  

through	
  three	
  parts:	
  a	
  python	
  package	
  to	
  efficiently	
  process	
  large	
  NMR	
  datasets	
  

on	
   the	
   server-­‐side,	
   a	
   Django	
   App	
   managing	
   server-­‐client	
   interaction,	
   and	
  

SpecdrawJS	
  for	
  client-­‐side	
  interactive	
  visualization.	
  

4.1. Introduction	
  
Nuclear	
  magnetic	
   resonance	
   (NMR)	
   spectroscopy	
   is	
   indispensible	
   for	
   structure	
  

identification	
   of	
   chemical	
   compounds,	
   becoming	
   an	
   integral	
   part	
   of	
  

metabolomics	
  and	
  natural	
  products	
  studies.	
  In	
  metabolomics,	
  NMR	
  spectroscopy	
  

is	
   increasingly	
   used	
   to	
   identify	
   and	
   quantify	
   metabolites	
   present	
   in	
   biological	
  

samples	
   (215,	
   216).	
   In	
   natural	
   products,	
   interpretation	
   of	
   NMR	
   spectra	
   allows	
  

the	
  structure	
  determination	
  of	
  complex	
  compounds,	
   leading	
  to	
  the	
  discovery	
  of	
  

new	
  structural	
  scaffold	
  or	
  potential	
  drug	
  leads	
  (217).	
  

As	
   resolution	
   of	
   NMR	
   spectra	
   improves,	
   more	
   detailed	
   information	
   can	
   be	
  

extracted	
  allowing	
  advanced	
  quantitative	
  analysis.	
  The	
  utilization	
  of	
  1D	
  1H	
  and	
  

13C	
  spectra	
  as	
  well	
  as	
  2D	
  spectra	
  such	
  as	
  HSQC	
  has	
  enhanced	
  the	
  identification	
  

of	
   trace	
   metabolites	
   with	
   increasing	
   sensitivity.	
   Machine	
   learning	
   and	
   pattern	
  

recognition	
   techniques	
   such	
   as	
   Principal	
   Component	
  Analysis	
   (PCA)	
   (218)	
   and	
  

Partial	
   Least	
   Squares	
   Discriminant	
   Analysis	
   (PLS-­‐DA)	
   (219)	
   allowed	
   NMR	
  

spectra	
   to	
   be	
   used	
   to	
   classify	
   biological	
   samples,	
   identifying	
   otherwise	
  

undetectable	
  biomarkers	
  (80,	
  220).	
  

Information	
   in	
   NMR	
   spectra	
   is	
   extracted	
   through	
  multiple	
   processing	
   steps	
   of	
  

analysis	
   workflows,	
   being	
   different	
   depending	
   on	
   applications.	
   For	
   example,	
  

metabolomics	
   datasets	
   are	
   processed	
   to	
   overcome	
   systematically	
   occurring	
  

batch	
  effects,	
  by	
  using	
  techniques	
  such	
  as	
  binning	
  and	
  spectra	
  alignment.	
  These	
  

techniques	
  are	
  sometimes	
  not	
  so	
  simple,	
  since	
  chemical	
  structure	
  identification	
  

in	
  natural	
  products	
  often	
  requires	
  sophisticated	
  use	
  of	
  software	
  and	
  knowledge	
  

of	
  NMR	
  instrumentation.	
  Processing	
  and	
  visualization	
  of	
  NMR	
  spectra	
  and	
  then	
  

sharing	
   such	
   spectra	
   for	
   collaboration	
   purposes,	
   without	
   prior	
   expertise	
   in	
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computer	
   programming	
   is	
   certainly	
   a	
   current	
   demand	
   among	
   experimental	
  

researchers	
  (217).	
  

This	
   chapter	
   presents	
   NMRPro,	
   an	
   integrated	
   web	
   component	
   for	
   interactive	
  

processing	
  and	
  visualization	
  of	
  NMR	
  spectra	
  online.	
  Users	
  can	
  input	
  NMR	
  spectra	
  

in	
  raw	
  formats,	
  such	
  as	
  Bruker	
  or	
  NMRPipe,	
  and	
  then	
  select	
  from	
  a	
  wide	
  range	
  of	
  

processing	
  and	
  analysis	
  functionalities,	
  including	
  apodization,	
  Fourier	
  transform,	
  

baseline	
  and	
  phase	
  correction	
  etc.	
  NMRPro	
  can	
  be	
   integrated	
   into	
  existing	
  web	
  

applications	
  and	
  databases,	
  and	
  extended	
  through	
  plugins	
  to	
  suite	
  the	
  different	
  

needs	
  for	
  various	
  web	
  applications.	
  

4.2. Web	
  applications	
  as	
  medium	
  for	
  scientific	
  development	
  
The	
   continuous	
   advances	
   in	
   Web	
   technologies	
   offers	
   a	
   platform-­‐independent	
  

highly	
   interactive	
  medium	
   for	
   the	
   development	
   of	
   scientific	
   application.	
   In	
   the	
  

past	
   two	
   decades,	
   servers	
   for	
  web-­‐based	
   analysis	
   and	
   storage	
   repositories	
   for	
  

various	
  scientific	
  data	
  have	
  been	
  developed.	
  Genomic	
  data	
  repositories	
  such	
  as	
  

Entrez	
  Gene	
  (221),	
  EBI’s	
  European	
  Nucleotide	
  Archive	
  (222)	
  and	
  DNA	
  Data	
  Bank	
  

of	
   Japan	
   (DDJB)	
   (223)	
   became	
   essential	
   tools	
   for	
   experimental	
   researchers	
  

because	
   of	
   their	
   intuitive	
   user	
   interfaces	
   and	
   the	
   utilization	
   of	
   web	
   servers’	
  

capabilities	
   in	
   computationally	
   intensive	
   analyses.	
   Other	
   chemo-­‐genomic	
  

applications	
  such	
  as	
  ChEMBL	
  (87),	
  and	
  chemical	
  repositories	
  such	
  as	
  PubChem	
  

(86)	
   are	
  more	
   recent	
   extensions	
   to	
   the	
   toolbox	
   of	
   experimental	
   researchers	
   in	
  

various	
  fields.	
  

Recently,	
  the	
  increasing	
  use	
  of	
  JavaScript-­‐based	
  in	
  web	
  applications	
  enabled	
  the	
  

development	
   of	
   single-­‐page	
   applications,	
   in	
   which	
   the	
   web	
   site	
   consists	
   of	
   a	
  

single	
  web	
  page	
  that	
  is	
  update	
  instantaneously	
  upon	
  user	
  interactions.	
  The	
  use	
  of	
  

asynchronous	
   JavaScript	
   and	
   XML	
   (AJAX)	
   technology	
   to	
   inject	
   and	
   update	
   the	
  

contents	
  of	
  a	
  web	
  page	
  enhances	
  the	
  overall	
  user	
  experience	
  and	
  allows	
  to	
  create	
  

richer	
   visualization	
   (224-­‐226).	
   Examples	
   include	
   BrowserGenome.org	
   for	
   the	
  

analysis	
  and	
  visualization	
  of	
  RNA-­‐seq	
  data	
  (227).	
  

A	
   Web-­‐based	
   NMR	
   analysis	
   application	
   has	
   several	
   advantages	
   over	
  

conventional	
   ones:	
   1)	
   web	
   is	
   a	
   platform-­‐independent	
   highly	
   interactive	
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environment,	
  which	
  enables	
  closer	
  investigation	
  of	
  spectra	
  through	
  zooming	
  and	
  

panning	
   on	
  multiple	
   platforms	
   including	
   handled	
   devices,	
   and	
   2)	
   existing	
  web	
  

applications	
  can	
  be	
  easily	
  extended	
  through	
  integrating	
  ‘web	
  components’,	
  such	
  

as	
  JavaScript	
  libraries	
  and	
  web	
  services,	
  to	
  provide	
  additional	
  functionalities.	
  For	
  

example,	
  web	
  application	
  for	
  spectral	
  analysis	
  and	
  metabolite	
  identification	
  (228,	
  

229),	
   can	
   add	
   processing	
   functionalities	
   by	
   simply	
   integrating	
   NMRPro.	
   3)	
  

Processing	
   large	
   datasets	
   benefits	
   from	
   the	
   web	
   server	
   computational	
  

capabilities,	
   which	
   are	
  much	
  more	
   powerful	
   that	
   personal	
   computers.	
   4)	
   Easy	
  

sharing	
   of	
   raw	
   and	
   processed	
   spectra.	
   5)	
   Current	
   NMR	
   databases	
   can	
   benefit	
  

from	
  the	
  visualization	
  functionality	
  by	
  displaying	
  spectra	
  interactively,	
  instead	
  of	
  

static	
  images.	
  6)	
  The	
  software	
  can	
  be	
  extended	
  to	
  educational	
  purposes	
  such	
  as	
  

teaching	
  NMR	
  concepts.	
  

4.2.1. Current	
  status	
  of	
  web	
  applications	
  for	
  NMR	
  data	
  
Online	
   processing	
   and	
   interactive	
   visualization	
   of	
   spectra	
   are	
   necessary	
  

functionalities	
   for	
   all	
   NMR	
  web	
   applications	
   (217).	
   However,	
  web	
   applications	
  

for	
   NMR	
   analysis	
   such	
   as	
   MetaboAnalyst	
   (228),	
   MetaboHunter	
   (229)	
   and	
  

COLMAR	
   (131)	
   require	
   NMR	
   spectra	
   to	
   be	
   processed	
   offline	
   beforehand.	
   Also,	
  

interactive	
   investigation	
   of	
   NMR	
   spectra	
   in	
   databases	
   such	
   as	
   HMDB	
   (79)	
   and	
  

BMRB	
  (230)	
  requires	
  raw	
  spectra	
  to	
  be	
  downloaded	
  and	
  visualized	
  offline.	
  	
  

Although	
  processing	
  and	
  interactive	
  visualization	
  of	
  NMR	
  spectra	
  are	
  needed	
  for	
  

web	
   applications,	
   web	
   components	
   providing	
   these	
   functionalities	
   are	
   still	
  

lacking.	
  In	
  fact,	
  previously	
  used	
  Java	
  applet	
  components,	
  such	
  as	
  JSpecView	
  (115)	
  

and	
  Nemo,	
   suffer	
   from	
   security	
   concerns	
   and	
   require	
   installation	
   of	
   additional	
  

software.	
   Also,	
   although	
   the	
   recently	
   developed	
   jsNMR	
   (231)	
   and	
   SpeckTackle	
  

(232)	
   offer	
   JavaScript-­‐based	
   visualization,	
   they	
   have	
   very	
   limited	
   processing	
  

functionalities.	
  

I	
   developed	
   NMRPro	
   to	
   overcome	
   the	
   current	
   lack	
   in	
   web-­‐based	
   software	
   for	
  

processing	
   NMR	
   spectra,	
   as	
   shown	
   in	
   Table	
   4.1.	
   Besides	
   being	
   an	
   easy-­‐to-­‐

integrate	
   web	
   component,	
   NMRPro	
   exceeds	
   the	
   processing	
   functionalities	
   of	
  

currently	
  available	
  web	
  components	
  and	
  applications.	
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Table	
  4.1	
  Comparison	
  of	
  software	
  capabilities	
  with	
  existing	
  web-­‐based	
  applications.	
  
Capabilities	
   NMRPro	
   jsNMR	
   SpeckTackle	
   MetaboAnalyst	
   Metabohunter	
   COLMAR	
  
Description	
   Web	
  

component	
  
Web	
  
component	
  

Web	
  
component	
  

Web	
  application	
   Web	
  application	
   Web	
  
application	
  

Interactive	
  visualization	
   ✔	
   ✔	
   ✔	
   ✖	
   ✖	
   ✖	
  
Supported	
  formats	
   Bruker,	
  

JSON,	
  
NMRPipe	
  

Bruker,	
  JSON	
  	
   JSON	
   Tab-­‐separated	
  
Files	
  

Tab-­‐separated	
  
Files	
  

NMRPipe	
  

Processing	
  
Zero	
  filling	
  
Apodization	
  
Fourier	
  transform	
  
Phase	
  correction	
  
Baseline	
  correction	
  
Peak	
  picking	
  

	
  
✔	
  
✔	
  
✔	
  
✔ (auto)	
  
✔	
  
✔	
  

	
  
✖	
  
✖	
  
✔	
  
✔ (manual)	
  
✖	
  
✖	
  

✖	
   ✖	
   ✖	
   ✖	
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4.3. Software	
  architecture	
  of	
  NMRPro	
  
4.3.1. Challenges	
  for	
  developing	
  web	
  application	
  for	
  NMR	
  
The	
  development	
  of	
  web	
  components	
   for	
  processing	
  NMR	
  spectra	
   is	
  hampered	
  

by	
   three	
   challenges	
   caused	
   by	
   the	
   large	
   size	
   of	
   NMR	
   spectra:	
   1)	
   Processing	
   of	
  

large	
  datasets	
  is	
  computationally	
  intensive,	
  requiring	
  server-­‐side	
  integration.	
  2)	
  

A	
  compressed	
  spectral	
  format,	
  required	
  for	
  efficient	
  transfer	
  across	
  the	
  Web,	
   is	
  

lacking.	
   3)	
   Visualization	
   of	
   large	
   number	
   of	
   spectral	
   data	
   points	
   presents	
   a	
  

computational	
   load	
  on	
  users’	
   computers.	
  Automatic	
   reduction	
  of	
  data	
  points	
   is	
  

needed.	
  

4.3.2. Design	
  considerations	
  for	
  NMRPro	
  
I	
   designed	
   NMRPro,	
   an	
   open-­‐source	
   easy-­‐to-­‐integrate	
   web	
   component	
   for	
  

processing	
  and	
  visualization	
  of	
  NMR	
  data,	
  which	
   is	
  highly	
  extensible	
   to	
   include	
  

new	
  functionalities	
  according	
  to	
  the	
  needs	
  of	
  each	
  application.	
  NMRPro	
  consists	
  

of	
  three	
  integrated	
  parts,	
  1)	
  Python	
  package	
  with	
  extensible	
  functionality	
  plugins	
  

for	
  server-­‐side	
  spectral	
  processing,	
  2)	
  Django	
  App	
  for	
  spectral	
  compression	
  and	
  

managing	
  communication	
  between	
  server-­‐	
  and	
  client-­‐sides,	
  and	
  3)	
  SpecdrawJS,	
  a	
  

JavaScript	
  library	
  for	
  visualization	
  of	
  1D	
  and	
  2D	
  NMR	
  datasets.	
  	
  

Table	
  4.2	
  Comparison	
  of	
  NMRPro	
  with	
  existing	
  frameworks	
  
 R Shiny Bokeh NMRPro 
JavaScript lib. NA BokehJS SpecdrawJS 

(extension of D3.js) 
Spectral Compression No No Yes 
Data simplification No Server-side Client-side 
Programming language 
extensibility 

R only Python, R Python, R, 
JavaScript 

Library size 1 NA 300 Kb < 100 Kb 
Framework Undisclosed Flask Django 
1	
  Minified	
  and	
  Gzipped	
  size	
  of	
  the	
  library	
  and	
  its	
  dependencies	
  

I	
  used	
  Python-­‐Django-­‐JavaScript	
  design	
  to	
  overcome	
  the	
  current	
  challenges’	
   for	
  

processing	
   and	
   visualizing	
  NMR	
   spectra	
   on	
   the	
  web.	
   Table	
   4.2	
   summarizes	
   six	
  

key	
  differences	
  between	
  NMRPro	
  design	
   and	
  other	
   frameworks.	
   I	
   discuss	
   each	
  

one	
  below.	
  



	
  58	
  

4.3.2.1. Client-­‐side	
  interactivity	
  
To	
   generate	
   interactive	
  plots,	
  NMRPro	
   transfers	
   the	
   spectral	
   data	
   only	
   once	
   at	
  

the	
  beginning	
  of	
   the	
  display,	
   instead	
  of	
   resending	
   the	
  data	
  every	
   time	
   the	
  user	
  

interacts	
   with	
   the	
   plot.	
   SpecdrawJS	
   generates	
   interactive	
   plots	
   from	
   the	
   data,	
  

which	
   are	
   used	
   to	
   update	
   the	
   plot	
   instantaneously	
   upon	
   user	
   interaction.	
   So,	
  

sending	
   data	
   to	
   the	
   client-­‐side	
   is	
   more	
   advantageous	
   than	
   keeping	
   them	
   on	
  

server	
  side,	
  as	
  done	
  by	
  R	
  Shiny	
  apps,	
  which	
  sends	
  plots	
  as	
  static	
  images.	
  

4.3.2.2. Efficient	
  transfer	
  of	
  data	
  
NMRPro	
  compresses	
  original	
  data	
  for	
  faster	
  transfer	
  from	
  server-­‐side	
  to	
  client-­‐

side.	
  While	
   data	
   for	
   line	
   charts	
   are	
   commonly	
   transferred	
   as	
   JSON	
  X-­‐Y	
   format,	
  

their	
   large	
  size	
  prohibits	
  their	
  use	
  in	
  transferring	
  NMR	
  spectra	
  across	
  the	
  Web.	
  

For	
  example,	
  the	
  size	
  of	
  a	
  typical	
  NMR	
  spectrum	
  with	
  16K	
  points	
  is	
  ~500	
  Kb	
  in	
  

JSON	
  X-­‐Y,	
  compared	
  to	
  only	
  ~16	
  Kb	
  when	
  compressed	
  into	
  PNG	
  format.	
  

4.3.2.3. Smooth	
  display	
  of	
  multiple	
  spectra	
  
NMRPro	
  provides	
  data	
  simplification	
  on	
  client-­‐side	
  to	
  enable	
  NMR	
  datasets	
  to	
  be	
  

displayed	
  smoothly	
  in	
  the	
  browser.	
  This	
  is	
  not	
  currently	
  available	
  in	
  BokehJS.	
  

4.3.2.4. High	
  extensibility	
  for	
  both	
  server-­‐side	
  and	
  client-­‐side	
  components	
  
NMRPro	
  python	
  package	
  can	
  be	
  extended	
  using	
  plugins	
  that	
  can	
  integrate	
  both	
  

python	
   and	
  R	
   functions	
   (examples	
   given	
   in	
   the	
   documentation).	
   On	
   the	
   client-­‐

side,	
  SpecDrawJS	
  dependency	
  on	
  D3.js	
  (a	
  low	
  level	
  visualization	
  library),	
  allows	
  

easy	
  extensibility.	
  

4.3.2.5. Using	
  SpecdrawJS	
  as	
  standalone	
  library	
  
The	
  small	
  size	
  of	
  SpecdrawJS,	
  because	
  of	
  its	
  minimal	
  dependencies	
  (Only	
  D3.js),	
  

allows	
   its	
   use	
   as	
   a	
   client-­‐side-­‐only	
   library.	
   This	
   is	
   particularly	
   useful	
   for	
  

displaying	
  spectra	
  in	
  NMR	
  databases,	
  such	
  as	
  HMDB	
  (79)	
  and	
  BMRB	
  (230).	
  

4.3.2.6. Integration	
  into	
  existing	
  web	
  applications	
  
NMRPro	
   uses	
   the	
   Django	
   framework	
   to	
   easily	
   integrate	
   into	
   current	
   chemical	
  

web	
  applications	
  such	
  as	
  ChEMBL	
  (87),	
  and	
   into	
  educational	
  platforms	
  such	
  as	
  

Edx	
  (https://github.com/edx/).	
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4.4. Subcomponents	
  of	
  NMRPro	
  
The	
   general	
   application	
   architecture	
   (Figure	
   4.1)	
   consists	
   of	
   three	
   main	
  

subcomponents,	
  NMRPro	
  python	
  package,	
  Django-­‐NMRPro	
  App	
  and	
  SpecdrawJS.	
  

Below,	
  I	
  discuss	
  the	
  role	
  of	
  each	
  subcomponent.	
  	
  

	
  

Figure	
  4.1	
  Component	
  architecture	
  of	
  NMRPro.	
  
	
  

4.4.1. Python	
  Package	
  
NMRPro	
   python	
   package	
   consists	
   of	
   two	
   main	
   parts:	
   python	
   core,	
   which	
  

provides	
   object	
   classes	
   for	
   representation	
   of	
   NMR	
   spectra,	
   and	
   plugins,	
   which	
  

provide	
  different	
  processing	
  functionalities.	
  

Python	
   core	
   provide	
   four	
   classes	
   for	
   programmatic	
   representations	
   of	
   NMR	
  

spectra:	
  1D	
  and	
  2D	
  spectra,	
  datasets	
  and	
  sample	
  sets.	
  All	
  classes	
  keep	
  necessary	
  

information	
   about	
   the	
   spectra	
   and	
   processing	
   history.	
   Processing	
   history	
  

contains	
  necessary	
  functions	
  to	
  regenerate	
  the	
  processed	
  spectrum	
  from	
  the	
  raw	
  

one,	
  increasing	
  reproducibility.	
  

Plugins	
  contain	
   functions	
   for	
  each	
  of	
  processing	
  steps,	
  where	
   the	
   input	
   is	
  NMR	
  

spectra	
   along	
   with	
   processing	
   parameters,	
   and	
   the	
   output	
   is	
   the	
   processed	
  

spectra.	
  Each	
  plugin	
  also	
  contains	
  a	
  GUI	
  information	
  entry,	
  which	
  is	
  displayed	
  in	
  

the	
  web	
  browser	
   on	
   the	
   client-­‐side,	
   allowing	
   the	
   user	
   to	
   customize	
   processing	
  

parameters.	
   The	
   plugin	
   architecture	
   allows	
   extensibility	
   of	
   the	
   application	
   by	
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installing	
  new	
  plugins	
  on	
  the	
  server,	
  in	
  which	
  the	
  GUI	
  is	
  updated	
  automatically	
  to	
  

match	
  installed	
  plugins.	
  

NMRPro	
  currently	
  implemented	
  plugins	
  provides	
  a	
  wide	
  range	
  of	
  functions,	
   for	
  

time-­‐domain	
   and	
   frequency-­‐domain	
  processing	
   (Table	
  4.1).	
   Each	
  plugin	
   allows	
  

automatic	
   processing,	
   in	
   which	
   the	
   optimum	
   algorithm	
   is	
   determined	
  without	
  

user	
   intervention,	
   and	
   customized	
  processing.	
   Customized	
  processing	
  provides	
  

users	
   with	
   list	
   of	
   comprehensive	
   options	
   covering	
   most	
   of	
   the	
   algorithms	
  

described	
  in	
  the	
  literature.	
  For	
  example,	
  apodization	
  plugin	
  contains	
  14	
  different	
  

window	
  functions,	
  and	
  baseline	
  correction	
  contains	
  9	
  algorithms	
  to	
  estimate	
  the	
  

baseline,	
  extending	
  the	
  functionalities	
  current	
  software.	
  

4.4.2. Django	
  App	
  

	
  

Figure	
   4.2	
   Data	
   exchange	
   protocol	
   between	
   server	
   and	
   client-­‐sides,	
   as	
  
managed	
  by	
  Django	
  subcomponent.	
  
	
  

Django	
  framework	
  enables	
  the	
  development	
  software	
  packages,	
   ‘Apps’,	
  that	
  can	
  

be	
  directly	
  integrated	
  into	
  existing	
  web	
  applications,	
  interfacing	
  between	
  python	
  

processing	
   functionalities	
   and	
   client-­‐side	
   visualization.	
   Django	
   App	
   is	
   controls	
  

Processed(data(
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the	
   interaction	
   between	
   the	
   server	
   and	
   client-­‐side.	
   The	
   Django	
   app	
   has	
   three	
  

roles	
  in	
  the	
  API:	
  1)	
  Efficient	
  transfer	
  of	
  spectral	
  to	
  client-­‐side.	
  Since	
  spectral	
  data	
  

are	
  too	
  large	
  to	
  be	
  sent	
  to	
  the	
  web	
  browser	
  after	
  each	
  processing	
  step,	
  spectral	
  

data	
  are	
  first	
  scaled	
  down	
  and	
  then	
  sent	
  in	
  a	
  compressed	
  format	
  that	
  can	
  be	
  read	
  

in	
   the	
   web	
   browser,	
   utilizing	
   image	
   compression	
   (Figure	
   4.2).	
   I	
   chose	
   PNG	
  

format	
   for	
   two	
   reasons:	
   lossless	
   compression	
   of	
   data,	
   and	
   the	
   ability	
   to	
  

decompress	
   PNG	
   natively	
   in	
   all	
   common	
   browsers.	
   2)	
   Management	
   of	
   user	
  

session	
  data.	
  While	
   spectra	
  are	
  visualized	
   in	
  scaled	
  down	
   format	
  on	
   the	
  client-­‐

side,	
   calculation	
  on	
   the	
   server-­‐side	
  are	
   carried	
  out	
  using	
   full-­‐precision	
   spectra.	
  

Django	
  app	
  stores	
  and	
  retrieves	
  user	
  spectra	
   for	
  processing	
  on	
  the	
  server-­‐side.	
  

3)	
  Aggregation	
  of	
  server-­‐side	
  plugins	
  and	
  sending	
  their	
  GUI	
  to	
  the	
  client-­‐side.	
  

4.4.3. SpecdrawJS	
  
Table	
  4.3	
  Functionalities	
  available	
  in	
  each	
  SpecdrawJS	
  configuration.	
  
Functionality	
   Static	
   Interactive	
   Full	
  client-­‐side	
   Connected	
  
1D	
  spectra	
   •	
   •	
   •	
   •	
  
2D	
  spectra	
   •	
   •	
   •	
   •	
  
1D	
  dataset	
   •	
   •	
   •	
   •	
  
Sample	
  sets	
  
(slides)	
  

	
   •	
   •	
   •	
  

Zooming	
   	
   •	
   •	
   •	
  
Peak	
  integration	
   	
   	
   •	
   •	
  
Peak	
  picking	
   	
   	
   •	
  (Manual)	
   •	
  (Manual,	
  

Threshold-­‐based,	
  
CWT)	
  

Save	
  spectra	
  
(PNG	
  Image,	
  SVG)	
  

	
   	
   •	
   •	
  

Binning	
   	
   	
   •	
   •	
  
Read	
  NMR	
  files	
   	
   	
   •	
  (JCAMP-­‐DX,	
  

PNG	
  compressed)	
  
•	
  (Bruker,	
  
NMRPipe)	
  

Spectral	
  
processing	
  

	
   	
   	
   •	
  

CWT:	
  continuous	
  wavelet	
  transform	
  

SpecDrawJS	
  is	
  a	
  platform-­‐independent	
  JavaScript	
   library	
  for	
  visualization	
  of	
  1D	
  

and	
   2D	
   NMR	
   spectra	
   (Figure	
   4.3).	
   SpecdrawJS	
   can	
   be	
   used	
   in	
   four	
   different	
  

configurations,	
  summarized	
   in	
  Table	
  4.3:	
  1)	
  Static	
  view	
  mode,	
   in	
  which	
  spectra	
  

are	
   rendered	
   in-­‐browser	
   as	
   scalable	
   vector	
   graphics	
   (SVG)	
   avoiding	
   limited	
  

resolution	
   of	
   conventional	
   images.	
   2)	
   Interactive	
   view	
   mode	
   allows	
   users	
   to	
  

zoom	
  and	
  pan	
  across	
  the	
  spectra,	
  and	
  navigate	
  between	
  different	
  slides.	
  3)	
  Full	
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client-­‐side	
   mode	
   provides	
   opening	
   locally	
   stored	
   files	
   in	
   JCAMP-­‐DX	
   or	
   PNG	
  

compressed	
  formats,	
  peak	
  picking	
  and	
  exporting	
  spectra	
  in	
  different	
  formats.	
  4)	
  

Connected	
  mode	
  provides	
  GUI	
  to	
  all	
  server-­‐side	
  functionalities	
  listed	
  in	
  Table	
  4.1.	
  

To	
   enable	
   visualization	
   of	
   NMR	
   datasets,	
   SpecdrawJS	
   improves	
   visualization	
  

performance	
   by	
   implementing	
   two	
   approaches:	
   1)	
   Reducing	
   the	
   number	
   of	
  

points	
  in	
  an	
  NMR	
  spectra	
  using	
  topology-­‐preserving	
  line	
  simplification	
  algorithm	
  

(233,	
   234).	
   NMR	
   spectra	
   are	
   reduced	
   to	
   the	
   number	
   of	
   rendered	
   pixels	
   in	
   the	
  

browser	
  without	
  affecting	
  the	
  perceived	
  spectral	
  shape.	
  2)	
  Parallel	
  programming	
  

using	
  newly	
  introduced	
  web-­‐worker	
  technology.	
  

	
  

Figure	
   4.3	
   SpecdrawJS	
   visualization.	
   a)	
   1D	
   NMR	
   dataset.	
   b)	
   2D	
   NMR	
  
spectrum	
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4.5. Availability	
  and	
  Installation	
  
NMRPro	
   three	
   subcomponents	
   are	
   available	
   on	
   public	
   repositories.	
   An	
  

introductory	
   page,	
   including	
   live	
   demo	
   and	
   instructions	
   for	
   installation,	
   usage	
  

and	
   plugin	
   development	
   is	
   available	
   at	
   http://mamitsukalab.org/tools/nmrpro/.	
  
Below	
  is	
  a	
  step-­‐by-­‐step	
  instructions	
  for	
  installing	
  NMRPro.	
  

1. Install python 2.7 (https://www.python.org/downloads/release/python-

2710/) and pip package manager. 

2. From the terminal console, install NMRPro python package using the 

command: 
 pip install nmrpro 

 

On Windows, from the command prompt: 
 python -m pip install nmrpro 

 

3. Install the django-nmrpro App using the command: 
 pip install django-nmrpro 

 

On Windows: 
 python -m pip install django-nmrpro 

4. pip command automatically installs all necessary package dependencies. 

5. There is no need to install SpecdrawJS separately since it is included in 

the Django App. 

 

Once the Django App is installed, the user can integrate it into an existing 

Django project. To summarize the integration process, briefly: 

1. If you do not have an existing Django project, first create one by following 

this tutorial (https://docs.djangoproject.com/en/1.8/intro/tutorial01/) 

2. In settings.py, add django_nmpro to your INSTALLED_APPS. 

3. In urls.py, add the following pattern: 
 url(r'^', include('django_nmrpro.urls')), 

4. From the terminal console (command prompt on Windows), navigate to 

the projects home directory and run the web server using the command: 
 python manage.py migrate 

 



	
  64	
  

5. Run the server using the command: 
 python manage.py runserver 

 

6. To make sure that installation is successful, visit the URL: 

http://127.0.0.1:8000/nmrpro_test/  

Which should display 5 spectra from the Coffees dataset.	
  

	
  

4.6. Conclusion	
  
I	
  presented	
  NMRPro,	
  an	
  extensible	
  web	
  component	
  that	
  can	
  be	
  easily	
  integrated	
  

in	
   current	
   web	
   applications	
   and	
   databases,	
   providing	
   NMR	
   processing	
   and	
  

visualization	
  functionalities.	
  Future	
  work	
  is	
  to	
  extend	
  NMRPro	
  by	
  implementing	
  

new	
   plugins	
   to	
   add	
   further	
   functionalities	
   such	
   as	
   covariance	
   NMR	
   and	
  

multivariate	
   analysis	
   for	
   wider	
   application	
   in	
   metabolomics	
   and	
   natural	
  

products.	
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Chapter	
  5	
  

Conclusions	
  

This	
   study	
   focused	
   on	
   computational	
   tools	
   for	
   metabolomics	
   and	
   natural	
  

products	
  research.	
  Our	
  initial	
  literature	
  review	
  identified	
  the	
  lack	
  of	
  easy-­‐to-­‐use	
  

software	
  in	
  network	
  path	
  mining	
  and	
  processing	
  NMR	
  spectra.	
  To	
  address	
  these	
  

two	
   limitations,	
   I	
   developed	
   two	
   tools,	
   NetPathMiner	
   and	
   NMRPro.	
   I	
   also	
  

conducted	
   an	
   comprehensive	
   survey	
   of	
   computational	
   resources	
   for	
   natural	
  

product	
  dereplication.	
  

I	
   presented	
   NetPathMiner	
   as	
   an	
   R	
   package	
   that	
   utilize	
   gene	
   expression	
  

measurements	
   to	
   infer	
   activated	
   parts	
   of	
   metabolic	
   networks.	
   NetPathMiner	
  

supported	
   importing	
   and	
   constructing	
   genome-­‐scale	
   metabolic	
   networks	
  

through	
   all	
   major	
   file	
   formats,	
   providing	
   multiple	
   representations	
   for	
   the	
  

constructed	
   networks.	
   Gene	
   expression	
   is	
   used	
   to	
   weight	
   network	
   edges	
   and	
  

then	
   top	
   k	
   correlated	
   paths	
   are	
   extracted.	
   Because	
   top	
   correlated	
   paths	
   are	
  

enumerated	
  from	
  all	
  possible	
  paths,	
  there	
  tends	
  to	
  be	
  up	
  to	
  thousands	
  of	
  output	
  

paths.	
   NetPathMiner	
   utilized	
   clustering	
   or	
   classification	
   to	
   summarize	
   paths	
  

according	
   to	
   their	
   underlying	
   functional	
   components	
   or	
   their	
   association	
  with	
  

certain	
   experimental	
   conditions.	
   Finally,	
   paths	
   are	
   visualized	
   on	
   multiple	
  

network	
   representations	
   to	
   facilitate	
   the	
   investigation	
   of	
  metabolic	
   activity	
   on	
  

multiple	
  hierarchical	
  levels.	
  

I	
   also	
   surveyed	
   current	
   computational	
   resources	
   for	
   rapid	
   identification	
   of	
  

natural	
  products,	
  dereplication.	
  Dereplication	
  requires	
  the	
  integration	
  of	
  diverse	
  

computational	
   resources,	
  namely,	
  databases,	
  methods	
  and	
   software.	
  Reviewing	
  

the	
  current	
  databases	
   indicated	
  a	
  scarcity	
  of	
   free-­‐to-­‐use	
  databases	
   that	
  contain	
  

spectral	
   data	
   for	
   previously	
   isolated	
   natural	
   products.	
   Also,	
   a	
   unified	
   software	
  

tool	
  with	
  an	
  easy-­‐to-­‐use	
  interface	
  to	
  spectral	
  processing	
  and	
  analysis	
  was	
  lacking.	
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Based	
  on	
  the	
  results	
  of	
  the	
  survey	
  I	
  presented	
  NMRPro,	
  which	
  is	
  a	
  pluggable	
  web	
  

component	
  for	
  interactive	
  processing	
  and	
  visualization	
  of	
  NMR	
  spectra.	
  NMRPro	
  

can	
   be	
   easily	
   integrated	
   into	
   existing	
   web	
   applications,	
   and	
   can	
   be	
   extended	
  

through	
  NMRPro	
  plugin	
  architecture.	
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