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Inference	  of	  microbial	  associa/on	  networks	  
from	  metagenomic	  data	  



Examples	  for	  microbial	  rela5onships	  

cross-‐feeding	  between	  
bacterial	  symbionts	  of	  a	  
marine	  worm	  (Woyke	  et	  al.)	  

sulfur	  oxidizer	   sulfate	  reducer	  

Gause	  (1934)	  “The	  Struggle	  for	  Existence”,	  Williams	  &	  Wilkins.	  
Kolenbrander	  et	  al.	  (2002)	  “Communica5on	  among	  Oral	  Bacteria.”	  Microbiol.	  and	  Mol.	  Biol.	  Reviews	  66,	  486-‐505.	  
Woyke,	  T.	  et	  al.	  (2006)	  “Symbio5c	  insights	  through	  metagenomic	  analysis	  of	  a	  microbial	  consor5um.”	  Nature	  443,	  950-‐955.	  1.
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dental	  plaque	  forma5on	  
(Kolenbrander	  et	  al.)	  

Amoeba	  proteus	  feeding	  on	  algae	  
Bacteriophages	  infec5ng	  
a	  bacterium	  

compe55on	  
between	  two	  	  
species	  of	  
Paramecium	  
(Gause)	  

algae	  bloom	  
killing	  off	  other	  
organisms	  

ar5st’s	  rendering	  of	  human	  skin	  bacteria	  



Diamond,	  J.	  (1975)	  “Assembly	  of	  species	  communi5es”,	  pp.	  342-‐444	  in	  “Ecology	  and	  evolu5on	  of	  communi5es”	  
edited	  by	  Cody	  and	  Diamond,	  Harvard	  University	  Press.	  
Horner-‐Devine	  M.C.	  et	  al.	  (2007)	  “A	  Comparison	  Of	  Taxon	  Co-‐Occurrence	  Pacerns	  For	  Macro-‐	  And	  Microorganisms”	  
Ecology	  88,	  1345-‐1353.	  

• 	  Jared	  Diamond	  suggested	  that	  compe55on	  between	  species	  could	  
be	  seen	  from	  their	  presences/absences	  across	  habitats	  (checkerboard	  
pacern)	  
• 	  checkerboard-‐like	  co-‐occurrence	  pacerns	  have	  been	  found	  for	  
micro-‐organisms	  as	  well	  (Horner-‐Devine	  et	  al.)	  

Co-‐occurrence	  analysis	  
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environment	  

sampling	  
DNA	  
extrac5on	  

DNA	  amplifica5on	  
with	  universal	  
primers	  

microbial	  
composi5on	  

sequence	  processing	  
(quality	  filtering,	  
taxonomic	  assignment)	  

DNA	  
sequencing	  

16S	  sequencing	  workflow	  

reference	  
database	  

• 	  16S	  ribosomal	  RNA	  (coded	  by	  16S	  rDNA	  genes)	  
is	  composed	  of	  hypervariable	  and	  conserved	  
regions	  
• 	  hypervariable	  regions	  serve	  as	  markers	  for	  
taxonomic	  classifica5on	  
• 	  conserved	  regions	  serve	  as	  binding	  sites	  for	  
universal	  primers	  during	  DNA	  amplifica5on	  	  	  
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Community	  profiling	  with	  16S	  sequencing	  



organism	  coun5ng	  techniques	  (flow	  
cytometry,	  FlowCam,	  ZooScan)	  

phylogene5c	  microarrays	  
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Microbiota of the Infant Intestine

infant	  gut	  (Palmer	  
et	  al.,	  2007)	  

Fig. 3. Clustering of the HITChip phylogenetic fingerprints of the human gastrointestinal microbiota of three faecal samples of ten subjects
collected during period of at least two months. Samples are encoded by YA1–YA5 for younger adults, and by EA1–EA5 for elderly adults,
while 1, 2 or 3 subsequent to slash sign indicate sample collection sequence. The highest phylogenetic level of specificity of probes (level 1)
is depicted on the right panel of the figure.

1742 M. Rajilić-Stojanović et al.

© 2009 The Authors
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HITChip	  (Rajilic-‐
Stojanovic	  et	  al.,	  
2009)	  

Other	  community	  profiling	  techniques	  
1.
	  B
ac
kg
ro
un

d	  



Reasons	  for	  co-‐occurrence	  

Adapted	  from	  Lidicker,	  W.Z.	  (1979)	  “A	  Clarifica5on	  of	  
Interac5ons	  in	  Ecological	  Systems.”	  BioScience	  29,	  475-‐477.	  

ecological	  rela/onships	   niche	  overlap	  

prey/host	  (loss-‐win)	  

predator/parasite	  (win-‐loss)	  
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(win-‐neutral)	  

Why	  would	  two	  taxa	  consistently	  occur	  together	  or	  avoid	  each	  other	  across	  samples?	  

Hutchinson,	  G.E.	  (1957)	  “Concluding	  remarks”	  Cold	  Spring	  
Harbour	  Symposium	  on	  Quan5ta5ve	  Biology	  22,	  415-‐427.	  1.
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Co-‐occurrence	  analysis	  in	  a	  nut	  shell	  

co-‐occurrence/correla5on	  	  

mutual	  exclusion	  (checker	  
board)/an5-‐correla5on	  
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Co-‐occurrence	  analysis	  is	  a	  network	  
inference	  technique	  

•  network	  inference	  (reverse	  
engineering):	  the	  problem	  of	  finding	  
rela5onships	  between	  objects	  
(genes,	  proteins,	  metabolites,	  
species...)	  whose	  presence/absence	  
or	  abundance	  was	  observed	  
repeatedly	  

•  heavily	  used	  in	  genomics	  (gene	  
regulatory	  network	  inference)	  	  

A	  
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A	  

B	  

C	  

samples	  
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Microbial	  associa5on	  network	  
inference	  

•  several	  recent	  metagenomic	  data	  sets	  measure	  microbial	  abundance	  
across	  a	  large	  number	  of	  samples	  	  

•  network	  inference	  techniques	  can	  iden5fy	  significant	  rela5onships	  
between	  microorganisms	  from	  these	  data	  

•  significant	  co-‐presence	  (co-‐occurrence	  of	  two	  microbes	  across	  samples)	  
can	  be	  interpreted	  as	  niche	  overlap,	  mutualism,	  commensalism	  etc.	  	  

•  significant	  mutual	  exclusion	  (avoidance	  of	  two	  microbes	  across	  samples)	  
can	  be	  interpreted	  as	  alterna5ve	  niche	  preference,	  compe55on,	  
amensalism	  etc.	  	  
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Network	  inference	  technique	  used	  in	  
metagenomics	  and	  their	  problems	  

•  Which	  network	  inference	  techniques	  are	  
commonly	  used	  in	  metagenomics	  and	  which	  
are	  their	  problems?	  



Similarity-‐based	  network	  inference	  
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Score distribution in randomized data
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Problems	  of	  correla5on	  measures	  –	  
double	  zeros	  

•  metagenomics	  data	  are	  sparse,	  i.e.	  many	  entries	  are	  zero	  
•  when	  compu5ng	  a	  correla5on	  for	  a	  vector	  pair	  with	  matching	  

zeros,	  a	  high	  score	  may	  result	  
•  Example:	  

•  these	  numbers	  were	  sampled	  from	  the	  uniform	  distribu5on,	  
with	  minimum	  set	  to	  0	  and	  maximum	  to	  1000	  

•  Pearson	  correla5on	  =	  0.33	  ,	  Spearman	  correla5on	  =	  0.02	  (p-‐
value	  =	  0.97)	  

OTU1	   303	   221	   998	   826	   915	   160	   924	   831	   408	   795	  

OTU2	   264	   172	   529	   817	   576	   870	   823	   533	   696	   798	  
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Problems	  of	  correla5on	  measures	  –	  
double	  zeros	  con5nued	  

OTU1	   303	   221	   998	   826	   915	   160	   924	   831	   408	   795	   0	   0	   0	   0	   0	  

OTU2	   264	   172	   529	   817	   576	   870	   823	   533	   696	   798	   0	   0	   0	   0	   0	  

•  a	  zero	  is	  ambiguous,	  since	  it	  is	  never	  clear	  whether	  a	  taxon	  is	  
really	  absent	  or	  just	  below	  detec5on	  limit	  

•  rare	  taxa	  might	  co-‐occur	  in	  deeply	  sequenced	  samples,	  but	  
nowhere	  else	  

•  we	  should	  therefore	  avoid	  giving	  a	  high	  similarity	  score	  to	  a	  
taxon	  pair	  on	  the	  basis	  of	  their	  co-‐absences	  

•  Example:	  5	  double-‐zero	  pairs	  added	  to	  previous	  vectors	  

•  Pearson	  correla5on	  =	  0.76,	  Spearman	  correla5on	  =	  0.7	  (p-‐
value	  =	  0.004)	  
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•  differences	  in	  sequencing	  depth	  lead	  to	  different	  total	  read	  counts	  across	  
samples	  

•  sample-‐wise	  normaliza5on	  necessary	  (e.g.	  by	  dividing	  counts	  in	  a	  sample	  by	  
the	  sample	  count	  sum	  or	  by	  rarefac5on	  to	  a	  common	  sequencing	  depth)	  

•  counts	  are	  converted	  into	  propor5ons	  

Problems	  of	  correla5on	  measures	  -‐	  	  
composi5onality	  

taxa	  with	  the	  same	  count	  number	  
in	  two	  samples	  may	  represent	  
different	  propor5ons	  
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•  Pearson	  and	  Spearman	  can	  be	  severely	  distorted,	  because	  they	  
consider	  “absolute”	  values	  

•  measures	  based	  on	  ra5os	  or	  log-‐ra5os	  (KLD,	  BC)	  are	  not	  affected	  by	  
data	  composi5onality,	  since	  the	  ra5o	  between	  two	  counts	  in	  the	  same	  
sample	  is	  not	  changed	  by	  the	  normaliza5on	  

Aitchison	  J	  (1982)	  “The	  Sta5s5cal	  Analysis	  of	  Composi5onal	  Data.”	  Journal	  of	  the	  Royal	  Sta5s5cal	  Society	  Series	  B	  
(Methodological)	  44,	  139-‐177.	  
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Regression-‐based	  network	  inference	  
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Regression-‐based	  network	  inference	  
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Benefits	  and	  problems	  of	  regression	  

+  mul5ple	  regression	  can	  detect	  rela5onships	  between	  more	  than	  2	  
taxa	  

+  it	  can	  predict	  directed	  edges	  and	  therefore	  asymmetric	  
rela5onships	  (such	  as	  commensalism)	  

-  false	  posi5ves	  are	  more	  likely	  with	  each	  addi5onal	  source	  taxon	  
considered	  (triplets	  give	  many	  more	  combina5ons	  than	  pairs	  do)	  –	  
need	  to	  apply	  harsher	  mul5ple	  tes5ng	  correc5on	  

-  risk	  of	  over-‐fipng	  if	  too	  many	  source	  taxa	  are	  considered	  
-  visualiza5on	  is	  difficult	  (hyperedges)	  

⇒  	  recommenda5on:	  set	  sparsity	  constraint	  (feature	  selec5on)	  such	  
that	  only	  a	  small	  number	  of	  source	  taxa	  is	  selected	  for	  each	  target	  
taxon	  
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Network	  inference	  tools	  used	  in	  
metagenomics	  

•  Which	  tools	  are	  out	  there	  and	  how	  do	  they	  
work?	  



Robust	  correla5ons	  with	  SparCC	  
•  basic	  idea:	  use	  the	  variance	  of	  log	  ra5os	  (a	  distance	  measure	  robust	  to	  

composi5onality	  bias	  introduced	  by	  Aitchison)	  

•  the	  variance	  of	  log-‐ra5os	  is	  not	  scaled,	  i.e.	  its	  maximum	  value	  is	  unknown	  
a	  priori	  

•  star5ng	  from	  the	  variance	  of	  log	  ra5os,	  an	  approxima5on	  is	  developed	  to	  
es5mate	  correla5ons	  robustly	  

•  SparCC	  es5mates	  covariance	  ρ	  for	  all	  taxon	  pairs,	  assuming	  that	  most	  pairs	  
are	  only	  weakly	  correlated	  

Friedman	  &	  Alm	  (2012)	  “Inferring	  Correla5on	  Networks	  from	  Genomic	  Survey	  Data.”	  PLoS	  Comp	  Bio	  8	  (9),	  e1002687.	  
Aitchison	  (2003)	  “A	  concise	  guide	  to	  composi5onal	  data	  analysis”	  In:	  2nd	  Composi5onal	  Data	  Analysis	  Workshop,	  Girona,	  Italy.	  	  3.
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where	  ω	  is	  the	  variance	  
of	  the	  log-‐transformed	  
abundance	  vector	  and	  ρ	  
the	  covariance	  	  



SparCC	  itera5ons	  and	  p-‐values	  
Itera5ons	  
•  SparCC	  fits	  a	  Dirichlet	  distribu5on	  to	  the	  observed	  counts	  and	  

es5mates	  counts	  from	  this	  distribu5on	  
•  taxon	  propor5on	  es5ma5on	  and	  robust	  correla5on	  computa5on	  is	  

iterated	  a	  number	  of	  5mes	  
•  final	  correla5on	  is	  reported	  as	  the	  median	  of	  this	  distribu5on	  
P-‐values	  	  
•  counts	  are	  resampled	  with	  replacement	  for	  each	  OTU	  separately	  

and	  averaged	  correla5on	  values	  are	  re-‐computed	  for	  these	  
bootstrapped	  counts	  

•  p-‐values	  are	  computed	  from	  this	  bootstrap	  distribu5on	  as	  the	  
propor5on	  of	  bootstrapped	  correla5ons	  that	  are	  at	  least	  as	  large	  as	  
the	  original	  correla5on	  value	  	  

SparCC	  URL	  
•  hXps://bitbucket.org/yonatanf/sparcc	  (requires	  basic	  python	  

skills)	  
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Alterna5ve	  threshold	  computa5on	  
with	  MENA	  

•  MENA	  =	  molecular	  ecological	  network	  analysis	  pipeline	  

•  server	  online:	  hXp://ieg2.ou.edu/MENA/	  

Deng	  et	  al.	  (2012)	  “Molecular	  ecological	  network	  analyses”	  BMC	  Bioinforma5cs	  13,	  113.	  
Zhou	  et	  al.	  (2010)	  “Func5onal	  Molecular	  Ecological	  Networks.”	  mBio	  1	  (4),	  e0016910.	  
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 2 

( )Poisson ( ) expP s s= − . 

The difference between the Wigner-Dyson and Poisson 
distributions is their behavior at small values of s, where: 

( )GOE 0 0P s → =  and ( )Poisson 0 1P s → = . 

We applied the random matrix theory to two biological 
networks of yeast.  The first network is the core protein 
interaction network of yeast obtained from the DIP [12] 
database (version ScereCR20041003) generated from the 
filtering of large high-throughput protein interaction data 
using two different computational methods [13].  After 
removal of all self-connecting links, the final protein 
interaction network includes 2609 yeast proteins and 6355 
interactions. The second network is the yeast metabolic 
network constructed by Jeong et al [14] from the data in the 
WIT database [15]. After removal of redundant links, the 
final metabolic network has 1511 chemical substrate and 
intermediate states and 3807 interactions. The original 
metabolic network is a directed network. To make the 
metabolism network symmetric for RMT study, we changed 
the directed network to an undirected network by replacing 
all directed links in the network with undirected links.  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

FIG. 1. The NNSDs of yeast biological networks. Smooth 
and dashed black lines are the GOE distribution and the 
Poisson distribution, respectively.  (a) Yeast core protein-
protein interaction networks with different number of 
removed links (m): 0 (navy), 800 (blue), 1200 (cyan), and 
1230 (red).  (b) Metabolic networks with different number of 
removed links (m): 0 (navy), 400 (blue), 700 (cyan), and 770 
(red). 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

FIG. 2. Graph view of the yeast biological networks.  (a) 
The original yeast core protein interaction network. (b) The 
yeast core protein interaction network with 1230 links 
removed. (c) The original yeast metabolic network. (d) The 
yeast metabolic network with 770 links removed.  The 
graphs were produced using Biolayout [20]. 

MENA’s	  RMT	  approach	  

•  RMT	  =	  random	  matrix	  theory	  

•  compute	  eigenvalue	  spacing	  
distribu5on	  of	  the	  Pearson	  
correla5on	  matrix	  for	  a	  given	  
threshold	  

•  do	  the	  same	  for	  a	  whole	  range	  of	  
thresholds	  

•  retain	  the	  threshold	  where	  
distribu5on	  changes	  from	  Gaussian	  
to	  Poisson	  

•  keep	  all	  correla5ons	  above	  the	  
threshold	  
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Lagged	  5me	  series	  with	  LSA	  
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Xia	  et	  al.	  (2013)	  “Efficient	  sta5s5cal	  significance	  approxima5on	  for	  local	  similarity	  analysis	  of	  high-‐throughput	  5me	  series	  data”	  
Bioinforma5cs	  29	  (2),	  230-‐237.	  
Durno	  et	  al.	  (2013)	  “Expanding	  the	  boundaries	  of	  local	  similarity	  analysis”	  BMC	  Genomics	  14	  (1),	  S3.	  
Xia	  et	  al.	  (2011)	  “Extended	  local	  similarity	  analysis	  (eLSA)	  of	  microbial	  community	  and	  other	  5me	  series	  data	  with	  replicates.”	  BMC	  
Systems	  Biology	  5	  (2),	  S15.	  
Ruan	  et	  el.	  (2006)	  “Local	  similarity	  analysis	  reveals	  unique	  associa5ons	  among	  marine	  bacterioplankton	  species	  and	  environmental	  
factors”	  Bioinforma5cs	  22	  (20),	  2532-‐2538.	  

•  LSA	  =	  local	  similarity	  analysis	  

•  command	  line	  tool:	  hXp://hallam.microbiology.ubc.ca/
fastLSA/install/index.html	  

•  command	  line	  tool:	  hXp://meta.usc.edu/so]s/lsa/	  

•  detects	  (local)	  similarity	  between	  poten5ally	  shiued	  
(lagged)	  5me	  series	  	  

•  because	  it	  considers	  lags,	  LSA	  returns	  directed	  edges	  (A	  is	  
shiued	  with	  respect	  to	  B)	  as	  well	  as	  undirected	  edges	  (A	  
and	  B	  are	  not	  shiued)	  

•  popular	  tool	  in	  marine	  and	  lake	  metagenomics	  



LSA:	  pipeline	  
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• 	  5me	  series	  are	  transformed	  to	  be	  normally	  distributed	  
• 	  for	  each	  pair	  of	  5me	  series,	  local	  similarity	  score	  is	  computed	  with	  the	  dot	  
product	  using	  dynamic	  programming	  (allowing	  up	  to	  3	  gaps)	  
• 	  local	  similarity	  score	  is	  divided	  by	  length	  of	  5me	  series	  
• 	  permuta5on	  is	  carried	  out	  to	  assess	  the	  significance	  of	  the	  local	  similarity	  score	  
• 	  p-‐value	  from	  permuta5on	  is	  mul5ple-‐test	  corrected	  (Bonferroni)	  
• 	  network	  is	  constructed	  from	  edges	  with	  significant	  similarity	  scores	  



LSA:	  example	  network	  
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shown with deep sequencing projects (for example,
Huber et al., 2007). The detection limit must also be
kept in mind, as there are OTUs on the edge of this
limit that will come in and out of detection
randomly. We attempted to account for this random-
ness by restricting our analysis to OTUs that were
present on at least B20% of the sampling dates, as
well as through permutation testing in the local

similarity analysis program to determine the validity
of the local similarity correlations. We feel that
we have taken a conservative approach and are
confident that we are able to compare changes in
relative abundance over time and that we can
statistically relate these changes to environmental
data to describe the ecology of the microbes in this
system.

Figure 1 Subnetworks organized around 10 SAR11 OTUs (abbreviated S11, a) and 7 stramenopile OTUs (abbreviated Dia: Diatom, Str:
stramenopile, b). Abbreviated names are followed by OTU fragment size for bacteria and eukaryotes. Circles are bacteria, diamonds are
eukaryotes, triangles are archaea, squares are biotic environmental variables and hexagons are abiotic environmental variables. Sizes of
the bacterial and eukaryotic nodes indicate the average abundance of the OTUs as measured by ARISA and TRFLP, respectively. Solid
lines show a positive correlation, dashed lines show a negative correlation, arrows indicate a 1-month shift in the correlation.
Abbreviations for other nodes are translated in Table 1.

Marine microbial correlation network
JA Steele et al

4

The ISME Journal

Steele	  et	  al.	  (2011)	  “Marine	  bacterial,	  archaeal	  and	  pro5stan	  associa5on	  networks	  reveal	  ecological	  linkages”	  ISME	  5,	  1414-‐1425.	  

OTUs	  and	  chemical	  proper5es	  from	  water	  in	  the	  southern	  California	  coast	  (sub-‐
surface	  chlorophyll	  maximum	  layer),	  sampled	  from	  August	  2000	  to	  March	  2004	  



Ensemble-‐based	  network	  inference	  
with	  CoNet	  

•  different	  measures	  (Pearson,	  Spearman,	  Bray	  Cur5s,	  ...)	  
capture	  different	  types	  of	  rela5onships,	  but	  they	  converge	  
when	  thresholds	  are	  increased	  

•  idea	  of	  ensemble:	  measures	  make	  different	  mistakes,	  but	  tend	  
to	  agree	  on	  correct	  result,	  so	  combine	  them	  
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Faust	  &	  Raes	  (2012)	  “Microbial	  interac5ons:	  from	  networks	  to	  models.”	  Nature	  Reviews	  Microbiology	  10	  (8),	  538-‐550.	  
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non-‐linear	  rela5onship	  is	  
missed	  by	  Pearson	  
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CoNet:	  Assessing	  significance	  

background score distribution
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observed	  score	  
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•  for	  each	  edge	  and	  each	  of	  the	  selected	  measures,	  compute	  permuta5on	  
and	  bootstrap	  distribu5ons	  
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observed	  score	  

bootstrap	  distribu5on	  of	  method-‐specific	  
edge	  score	  (confidence	  interval)	  	  

permuta5on	  (null)	  distribu/on	  of	  method-‐
specific	  edge	  score	  	  

final	  method-‐specific	  p-‐value	  is	  computed	  as	  the	  probability	  of	  the	  null	  value	  	  
(mean	  of	  the	  null	  distribu5on)	  under	  the	  bootstrap	  distribu5on	  	  

mean	  
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in	  collabora1on	  with	  Fah	  Sathirapongsasu1	  and	  Cur1s	  Hu:enhower	  	  



CoNet:	  Merging	  measures	  

•  measure-‐specific	  p-‐values	  are	  merged	  (e.g.	  using	  Fisher’s,	  
Brown’s	  or	  Sime’s	  method)	  

•  merged	  p-‐values	  are	  corrected	  for	  mul5ple	  tes5ng	  (e.g.	  with	  
Benjamini-‐Hochberg)	  

•  all	  edges	  with	  p-‐values	  above	  a	  given	  threshold	  are	  discarded	  
(by	  default	  0.05)	  

p-‐value	  
merge	  

mul5ple-‐
tes5ng	  
correc5on	  

Pearson	  

Spearman	  

KLD	  

mul/graph	  (network	  with	  poten/ally	  
more	  than	  1	  edge	  between	  a	  node	  pair)	  

final	  graph	  
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shuffle	  selected	  taxon	  pair	  

renormalize	  matrix	  group-‐wise	  
compute	  random	  score	  for	  taxon	  pair	  
on	  shuffled,	  renormalized	  abundances	  

Fah	  Sathirapongsasu1	  

all	  
taxa	  in	  
one	  
group	  

CoNet:	  Dealing	  with	  composi5onality	  
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permuta5on	  with	  renormaliza5on	  (ReBoot)	  



• 	  Permuta5on	  test:	  removes	  correla5on,	  but	  also	  any	  bias	  due	  
to	  composi5onality	  
• 	  Permuta5on	  with	  renormaliza/on:	  shius	  null	  distribu5on	  

CoNet:	  Dealing	  with	  composi5onality	  

true	  an5-‐
correla5on	  
between	  b1	  
and	  b3	  

spurious	  correla5on	  
between	  b2	  and	  b4	  
introduced	  by	  
normaliza5on	  

bootstrap	  distribu5on	  mean	  
renormalized	  permuta5on	  distribu5on	  mean	  

raw	  data	   normalized	  data	  

significant	   not	  significant	  

Fah	  
Sathirapong-‐
sasu1	  
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CoNet:	  Features	  

•  runs	  as	  Cytoscape	  plugin	  or	  on	  command	  line	  

•  suitable	  for	  abundance	  as	  well	  as	  presence/absence	  data	  

•  supports	  QIIME	  OTU	  table	  format	  

•  assigns	  higher-‐level	  taxa	  from	  lineages	  and	  computes	  
correla5ons	  between	  them	  

•  supports	  row	  groups	  	  

•  supports	  environmental	  metadata	  

•  integrates	  external	  network	  inference	  packages,	  e.g.	  
minet	  (mutual	  informa5on	  based	  network	  inference)	  and	  
apriori	  (associa5on	  rule	  mining	  algorithm)	  

•  offers	  various	  preprocessing	  steps,	  filtering	  op5ons	  and	  
missing	  value	  treatment	  

•  sepngs	  loading/saving	  
•  score	  distribu5on	  plots	  

•  well	  documented	  (manual,	  tutorials,	  FAQ)	  

hXp://systemsbiology.vub.ac.be/conet	  
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Conclusion	  on	  metagenomic	  network	  
inference	  tools	  

•  Which	  one	  to	  choose?	  
•  hard	  to	  say	  without	  benchmark	  data	  –	  we	  
need	  a	  database	  of	  annotated	  microbial	  
interac5ons	  in	  specific	  environments	  	  

•  on-‐going:	  in	  silico	  evalua5on	  by	  a	  third	  party	  
(Rob	  Knight	  lab)	  
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Limita5on	  of	  network	  inference	  tools	  

•  (lagged)	  similarity	  !=	  causality	  
•  taxa	  can	  have	  significant	  similarity	  scores	  
because	  they	  respond	  similarly	  to	  
environmental	  variables	  (niche	  sharing)	  or	  
because	  they	  interact	  (directly	  or	  indirectly)	  or	  
both	  

•  even	  if	  5me	  series	  are	  not	  similar,	  taxa	  might	  
interact	  (e.g.	  determinis5c	  chaos)	  
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