
Nodes	
  in	
  the	
  predicted	
  network	
  represent	
  phylotypes	
  and	
  edges	
  significant	
  rela5onships	
  between	
  them.	
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Network	
  inference,	
  already	
  widely	
  used	
  in	
  genomics,	
  has	
  become	
  a	
  promising	
  methodology	
  to	
  analyze	
  metagenomic	
  data	
  sets.	
  However,	
  it	
  faces	
  numerous	
  challenges,	
  such	
  as	
  
data	
  sparsity	
  and	
  heterogeneity.	
  The	
  choice	
  of	
  the	
  inference	
  methodology	
  (similarity	
  measure,	
  assessment	
  of	
  significance)	
  has	
  a	
  huge	
  impact	
  on	
  the	
  results,	
  necessita5ng	
  
further	
  evalua5on	
  and	
  benchmarking.	
  	
  

Metagenomic	
  sequencing	
  projects	
  are	
  accumula5ng	
  abundance	
  data	
  for	
  microbial	
  organisms	
  in	
  a	
  wide	
  variety	
  of	
  environments,	
  including	
  the	
  human	
  body.	
  In	
  macro-­‐ecological	
  data	
  sets,	
  
non-­‐random	
  paOerns	
  of	
  species	
  distribu5ons	
  are	
  thought	
  to	
  reflect	
  ecological	
  rela5onships.	
  For	
  instance,	
  “checkerboard”	
  paOerns	
  of	
  mutual	
  exclusion	
  between	
  two	
  taxa	
  are	
  interpreted	
  
as	
  compe55ve	
  rela5onships	
  [1].	
  The	
  analysis	
  of	
  microbial	
  abundance	
  data	
  revealed	
  similar	
  non-­‐random	
  paOerns	
  for	
  microorganisms	
  [2].	
  To	
  assess	
  the	
  significance	
  of	
  these	
  rela5onships,	
  
scores	
  of	
  distribu5on	
  paOerns	
  are	
  compared	
  to	
  random	
  expecta5on.	
  Significant	
  rela5onships	
  are	
  then	
  combined	
  to	
  form	
  a	
  network.	
  Here,	
  we	
  present	
  microbial	
  networks	
  inferred	
  with	
  
different	
  approaches	
  in	
  a	
  variety	
  of	
  metagenomic	
  data	
  sets.	
  

We	
  predict	
  microbial	
  
rela5onships	
  from	
  the	
  HMP	
  16S	
  
data	
  [3]	
  by	
  combining	
  sparse	
  
regression	
  with	
  an	
  ensemble	
  of	
  
similarity	
  measures	
  using	
  Fisher’s	
  
method.	
  We	
  assessed	
  the	
  
significance	
  of	
  rela5onships	
  with	
  
a	
  novel	
  renormaliza5on-­‐based	
  
permuta5on	
  procedure	
  that	
  we	
  
observed	
  in	
  simula5ons	
  to	
  reduce	
  
the	
  impact	
  of	
  composi5onal	
  bias	
  
[4]	
  introduced	
  by	
  normaliza5on.	
  
Known	
  alterna5ve	
  community	
  
configura5ons	
  in	
  the	
  vagina	
  [5]	
  
and	
  successional	
  stages	
  in	
  the	
  
dental	
  plaque	
  [6]	
  were	
  detected	
  
as	
  exclusive	
  rela5onships	
  
between	
  members	
  of	
  different	
  
communi5es.	
  In	
  the	
  gut,	
  we	
  
found	
  nega5ve	
  rela5onships	
  
between	
  two	
  of	
  the	
  three	
  
enterotype	
  drivers	
  [7]	
  	
  
(Bacteroides	
  and	
  Ruminococcus).	
  	
  

Impact	
  of	
  the	
  similarity	
  measure	
   Predic'on	
  of	
  cross-­‐domain	
  rela'onships	
  
(in	
  collabora5on	
  with	
  GLM)	
  

Network	
  of	
  microbial	
  rela'onships	
  inferred	
  from	
  Human	
  Microbiome	
  Project	
  16S	
  data	
  	
  
(in	
  collabora5on	
  with	
  JFS,	
  JI,	
  NS,	
  DG	
  and	
  CH)	
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Rule:	
  If	
  Bacteroides	
  (OTU	
  4612)	
  
and	
  Lachnospiraceae	
  Incertae	
  Sedis	
  
(OTU	
  b1228)	
  are	
  present,	
  then	
  
Faecalibacterium	
  (OTU	
  b418)	
  is	
  
also	
  present.	
  

Node	
  border	
  colors	
  
dis5nguish	
  between	
  
different	
  OTUs.	
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Associa5on	
  rule	
  mining	
  is	
  a	
  technique	
  that	
  
detects	
  significant	
  logical	
  rules	
  in	
  large	
  data	
  sets,	
  
for	
  instance:	
  “If	
  A	
  is	
  present	
  and	
  B	
  is	
  absent,	
  C	
  is	
  
present.”	
  The	
  network	
  summarizes	
  rules	
  mined	
  
in	
  a	
  global	
  OTU	
  presence/absence	
  data	
  set	
  [8]	
  
with	
  the	
  apriori	
  algorithm	
  [9].	
  Each	
  node	
  in	
  the	
  
network	
  represents	
  an	
  OTU,	
  whereas	
  each	
  
(hyper-­‐)edge	
  corresponds	
  to	
  a	
  rule.	
  For	
  ease	
  of	
  
interpreta5on,	
  the	
  same	
  OTU	
  (same	
  node	
  fill	
  and	
  
border	
  color)	
  may	
  occur	
  mul5ple	
  5mes.	
  

Networks	
  built	
  from	
  
oceanic	
  surface	
  samples	
  
collected	
  by	
  the	
  TARA	
  
Oceans	
  expedi5on	
  [11]	
  
capture	
  intra-­‐	
  and	
  cross-­‐
domain	
  rela5onships	
  that	
  
predict	
  host-­‐virus	
  
interac5ons.	
  

nega've	
  

Network	
  inference,	
  already	
  widely	
  used	
  in	
  genomics,	
  is	
  applied	
  to	
  more	
  and	
  more	
  metagenomic	
  data	
  sets.	
  However,	
  it	
  faces	
  numerous	
  challenges,	
  such	
  as	
  data	
  sparsity	
  and	
  biases	
  due	
  
to	
  normaliza5on.	
  In	
  addi5on,	
  the	
  choice	
  of	
  the	
  inference	
  methodology	
  (similarity	
  measure,	
  assessment	
  of	
  significance)	
  has	
  a	
  huge	
  impact	
  on	
  the	
  results,	
  necessita5ng	
  further	
  
evalua5on	
  and	
  benchmarking.	
  When	
  these	
  issues	
  are	
  addressed,	
  network	
  inference	
  has	
  the	
  poten5al	
  to	
  become	
  a	
  standard	
  methodology	
  in	
  the	
  analysis	
  of	
  metagenomic	
  data.	
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The	
  network	
  inferred	
  from	
  the	
  oral	
  cavity	
  
sub-­‐set	
  of	
  the	
  Costello	
  data	
  set	
  [10]	
  
illustrates	
  the	
  impact	
  of	
  the	
  measure.	
  The	
  
top	
  10	
  posi5ve	
  and	
  nega5ve	
  edges	
  of	
  five	
  
different	
  measures	
  are	
  displayed	
  together	
  
in	
  a	
  mul5-­‐graph.	
  The	
  heat	
  map	
  clusters	
  
the	
  measures	
  based	
  on	
  their	
  edge	
  overlap	
  
using	
  Jaccard’s	
  index.	
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Nodes	
  in	
  the	
  predicted	
  network	
  represent	
  phylotypes	
  colored	
  by	
  body	
  site.	
  
Edge	
  thickness	
  increases	
  with	
  the	
  significance	
  of	
  the	
  rela5onship.	
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  color	
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Networks	
  built	
  from	
  Illumina	
  data	
  (A)	
  and	
  
454	
  +	
  FlowCAM	
  +	
  ZooScan	
  data	
  (B).	
  

Numbers	
  of	
  intra-­‐	
  and	
  cross-­‐domain	
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