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which contrasts with other free-living autotrophs
represented in the network (cyanobacteria and
prymnesiophytes), which display primarily positive associations (Fig. 2A).
Cross-kingdom associations between Bacteria
and Archaea were limited to 24 mutual exclusions. Within Archaea, Thermoplasmatales (Marine
Group II) co-occur with several phytoplankton

covered five out of eight recently discovered interactions from protist single-cell sequencing
(50). Associations between Diatoms and Flavobacteria agreed with their described symbioses
(51). We also observed co-ocurrence of uncultured dinoflagellates with members of Rhodobacterales (Ruegeria), which is in agreement with
a symbiosis between Ruegeria sp. TM1040 and
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Fig. 3.Top-down interactions in plankton. (A) Three different dinoflagellate specimens
from Tara samples display an advanced infectious stage by syndiniales parasites. The
cross-section of the cell shows the typical folded structure of the parasitoid chain, which
fills the entire host cell. Each nucleus (blue) of the coiled ribbon corresponds to a future free-living parasite. DNA is stained with Hoechst (
are stained with DiOC6 (green), and specimen surface is light blue. Scale bar, 5 mm. (B) Subnetwork of metanodes that encapsulate
th
parasites or PFTs. The PFTs mapped onto the network are: phytoplankton DMS producers, mixed phytoplankton,
phytoplankton sil
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Microbes interact

Introduction

Cross-feeding

Louis et al. The gut microbiota, bacterial metabolites and colorectal cancer. Nature
Reviews Microbiology 12:661-672 (2014).
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Fig. 3.Top-down interactions in plankton. (A) Three different dinoflagellate specimens
from Tara samples display an advanced infectious stage by syndiniales parasites. The
cross-section of the cell shows the typical folded structure of the parasitoid chain, which
fills the entire host cell. Each nucleus (blue) of the coiled ribbon corresponds to a future free-living parasite. DNA is stained with Hoechst (dark blue), membranes
are stained with DiOC6 (green), and specimen surface is light blue. Scale bar, 5 mm. (B) Subnetwork of metanodes that encapsulate barcodes affiliated to
parasites or PFTs. The PFTs mapped onto the network are: phytoplankton DMS producers, mixed phytoplankton, phytoplankton silicifiers, pico-eukaryotic
heterotrophs, proto-zooplankton and meso-zooplankton. Edge width reflects the number of edges in the taxon graph between the corresponding metanodes.
Over-represented links (multiple-test corrected P < 0.05) are colored in green if they represent copresences and in red if they represent exclusions; gray means
non-overrepresented combinations. When both copresences and exclusions were significant, the edge is shown as copresence. (C) Parasite connections within
micro- and zooplankton groups. (D) Number of hosts per phage. (Inset) Phage associations to bacterial (target) phyla. (E) Putative Bacteroidetes viruses detected
with co-occurence and detection in a single-cell genome (SAG). On the left are viral sequences from a Flavobacterium SAG (top) and Tara Oceans virome
(bottom), displaying an average of 89% nucleotide identity. On the right is the correspondence between the ribosomal genes detected in the same SAG (top) and
the 16S sequence associated to the Tara Oceans contig based on co-occurence (79% nucleotide identity). For clarity, a subset of contig ARTD0100013 only (from
10,000 to 16,000 nucleotides) is displayed. This sequence was also reverse-complemented. PurM, phosphoribosylaminoimidazole synthetase; DNA Pol. A, DNA
polymerase A.

Collodaria colony with
Dinoflagellate with
Acantharian with
endodinoflagellate cell infected by the parasitoid alveolate Amoebophrya (MALV-II).
Fig. 4. Illustration of key eukaryotic plankton lineages. (A) Stramenopila;
dinoflagelllate
symbionts
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a phototrophic diatom Chaetoceros
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(arrowhead). Scale bar, 10 mm. (B) Alveolata; a heterotrophic dinoflagellate
Dinophysis caudata harboring kleptoplasts [in red (arrowhead)]. Scale bar,
20 mm (75). (C) Rhizaria; an acantharian Lithoptera sp. with endosymbiotic
haptophyte cells from the genus Phaeocystis [in red (arrowhead)]. Scale bar,

sciencemag.org SCIENCE

their flagella are visible in green inside the mastigocoel cavity (arrow). Scale
bar, 5 mm. The cellular membranes were stained with DiOC6 (green); DNA
and nuclei were stained with Hoechst (blue) [the dinoflagellate theca in (B)
was also stained by this dye]. Chlorophyll autofluorescence is shown in red

Images taken from de Vargas et al. Science 348, 1261605 (2015).
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Introduction

History of co-occurrence analysis in ecology
• Jared Diamond suggested assembly rules:
• Rule e: “Some pairs of species never coexist, either by themselves
or as part of a larger combination.”
• Competition between species can be inferred from their
presences/absences across habitats (checkerboard pattern)

Diamond, J. (1975) “Assembly of species communities”, pp. 342-444 in “Ecology and evolution of
communities” edited by Cody and Diamond, Harvard University Press.
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History of co-occurrence analysis in ecology cont’d
• Connor & Simberloff: “We challenge Diamond’s idea that
island species distributions are determined by competition
[...]. In order to demonstrate that competition is responsible
for the joint distributions of species, one would have to falsify
a null hypothesis stating that the distributions are generated
by the species randomly [...]”
• Importance of a null model

Connor & Simberloff (1979) “The Assembly Of Species Communities: Chance or Competition”, Ecology,
6061, 1132-1140.
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Chthoniobacter
OTU-161227
OTU-320457

OTU-160992
OTU-533587

OTU-248618
OTU-151955
Spartobacteria
Gemmatimonadetes

Mycobacterium
thermoresistibile

OTU-151114

OTU-278816 PH
OTU-1745 OTU-573607
OTU-319256

Acidobacteria
Actinomycetales
Solirubrobacterales
Acidobacteriales
(class) OTU-575937
Acidobacteriaceae

SolibacteresOTU-559239
OTU-510452
OTU-152039
OTU-551710
Pedomicrobium
CL500-29
OTU-136280
OTU-512880
Solibacteraceae
Gemmatimonas
OTU-545339
Chloracidobacteria
OTU-285033
Solibacterales
Gemmatimonadetes
JG37-AG-4
Candidatus
(class)
Rhodanobacter
Solibacter Methylacidiphilales
OTU-573812
OTU-111986
OTU-541300
OTU-156816 OTU-150977
AD3
iii1-8
Phyllobacteriaceae
OTU-529793
OTU-318683
Mesorhizobium
OTU-548876
OTU-546873
OTU-209662
OTU-254262
Gemmatimonadales
Acidobacteria
OTU-582647 OTU-113212Sphingomonadaceae
OTU-584527
Sphingomonadales
Gemmatimonadaceae
OTU-257244
OTU-286368
OTU-323164
OTU-276290
Comamonadaceae
Chloroflexi
OTU-391129
SOGA31
OTU-241246
Variovorax
Rhodobiaceae
OTU-279590
OTU-259452
Variovorax
Rhodocyclales
OTU-166064
OTU-204561
paradoxus
OTU-513998
OTU-160921
OTU-153450
OTU-560615
OTU-210974

FlashWeave

OTU-218287
OTU-564942
OTU-134163
OTU-281116

Kaistobacter
RhizobiumRhizobium
OTU-222080
galegae
OTU-240591
OTU-279158 OTU-146397
OTU-218024
Rhizobiaceae

OTU-342757
OTU-160908

Methylibium
OTU-327961
EB1017

OTU-378181

OTU-160560

OTU-343296
OTU-562969
OTU-317096

OTU-214611
Oceanospirillales
Pseudomonas
Pseudomonadaceae
OTU-8640

OTU-216341

CCLasso

OTU-325652
OTU-278696

OTU-564144

Rhizobiales

OTU-76270
OTU-224117

OTU-561789

OTU-254383
OTU-4978
Bradyrhizobium
Bradyrhizobiaceae
Alphaproteobacteria

OTU-533525
OTU-563484
OTU-148890

Proteobacteria

Samples (location or time)

OTU-580487

OTU-279571

OTU-204462

Afipia
OTU-222635

SPIEC-EASI

OTU-547667

Candidatus
Koribacter
Koribacteraceae
OTU-156032
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taxa and binary
environmental traits

INPUT

presences/absences
(incidences)
1 2 3 4 5 6
A
B
C
D
location or time

taxa and environmental traits

Microbial network inference

Principle of similarity-based network inference

abundances
1 2 3 4 5 6
A
B
C
D
location or time
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SCORING

taxa and binary
environmental traits

INPUT

presences/absences
(incidences)
1 2 3 4 5 6
A
B
C
D
location or time

taxa and environmental traits

Microbial network inference

Principle of similarity-based network inference

abundances
1 2 3 4 5 6
A
B
C
D
location or time

for each possible
taxon pair, compute
similarity score
A B C D
A
B
C
D

symmetric
similarity
matrix
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SCORING

presences/absences
(incidences)
1 2 3 4 5 6
A
B
C
D

ASSESSMENT OF
SIGNIFICANCE (Null
model)
repeat scoring step many
times with randomized data
Score distribution in randomized data

abundances
1 2 3 4 5 6

80
60
40

A
B
C
D

0

A
B
C
D

A B C D

Frequency

location or time

for each possible
taxon pair, compute
similarity score

20

taxa and binary
environmental traits

INPUT

taxa and environmental traits

Microbial network inference

Principle of similarity-based network inference

-1.0

-0.5

0.0

0.5

1.0

Scores

location or time

symmetric
similarity
matrix

calculate p-values from the
random score distribution,
correct for multiple testing
and discard relationships
with p-values above a
specified threshold

12

SCORING

presences/absences
(incidences)
1 2 3 4 5 6
A
B
C
D

ASSESSMENT OF
VISUALIZATION
SIGNIFICANCE (Null
model)
repeat scoring step many
D
times with randomized data
Score distribution in randomized data

abundances
1 2 3 4 5 6

80
60

B

40

A
B
C
D

A

positive
negative

0

A
B
C
D

A B C D

Frequency

location or time

for each possible
taxon pair, compute
similarity score

20

taxa and binary
environmental traits

INPUT

taxa and environmental traits

Microbial network inference

Principle of similarity-based network inference

-1.0

-0.5

0.0

0.5

1.0

Scores

location or time

symmetric
similarity
matrix

calculate p-values from the
random score distribution,
correct for multiple testing
and discard relationships
with p-values above a
specified threshold

visualize
taxon pairs
with
significant
scores as a
network
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Challenges
• What are the challenges of microbial network inference?

Microbial network inference: Challenges

Problem 1: Varying sequencing depth
Shallowly sequenced sample

Genus 1

Genus 2

Deeply sequenced sample

Genus 3

Technical variability

Genus 4

Read count !=
cell count
15

Microbial network inference: Challenges

Varying sequencing depth leads to spurious
correlations

16

Microbial network inference: Challenges

Removal of sequencing depth bias

Rarefaction: Select beads from the
big bucket with a probability equal
to their proportion, until selected
bead number is the same as in the
small bucket
=> Additional zeros can be
introduced, counts are preserved

Normalization: Convert counts into
relative abundances (proportions) =>
counts are lost, no additional zeros

17

Microbial network inference: Challenges

Rarefaction/normalization: compositionality
Sample 1 Sample 2

Sample 3

Sample 4

Sample 5
Absolute
abundances

Blue taxon
Red taxon
Grey taxon
1,00

Relative
abundances
0,50

0,00
Sample 1

Sampe 2
Blue taxon

Sample 3
Red taxon

Sample 4
Grey taxon

Sample 5
18

Microbial network inference: Challenges

How to deal with compositionality
• Transform data e.g.
using centered log ratio
transformation
• Use compositionalrobust measures such
as Aitchison distance or
Bray Curtis dissimilarity

OR

• Quantify total cell
counts, e.g. using
flow cytometry

Þ Working with log ratios poses a zero treatment problem
Þ Relative abundances can be multiplied with cell counts,
solving compositionality issue experimentally
Þ But: if cell counts do not depend on microbial interactions,
they are a confounder driving associations, so it depends

19

Microbial network inference: Challenges

Problem 2: The challenge of rare taxa
The problem of co-absences

• Microbial abundance tables are zero-rich
• Ambiguity of the zero: taxon may be absent or
present below detection level (sampling and
Pearson’s r: 1, p-value < 1E-15
sequencing depth)
Spearman’s rho: 1, p-value < 1E-15
• Ignoring zeros (e.g. in log-ratio transformations)
Open challenges for microbial network construction and analysis
Ad-hoc solution: Prevalence filter
is a loss of information but not treating zeros
Fig. 1 Filtering options for
can lead to spurious associations
rare taxa. a Microbial count
tables are usually zero-rich. b
The prevalence ﬁlter removes
• Currently: ad-hoc filters on taxon absences
taxa with too many zeros, while
c the taxon pair ﬁlter forbids
(prevalence filter) or taxon pairs (number
oftaxon pairs
associations between
P
with too many matching zeros.
The garbage
icon represents the
matching zeros); upper bound on zero
number
Presence in at least
50% of samples
sum of the ﬁltered taxa. Both
ﬁlters necessitate choosing a
above which statistical tests are no longer
threshold.
meaningful (Cougoul et al.)
Garbage
Open challenges for microbial network construction and analysis
Fig. 1 Filtering options for
rare taxa. a Microbial count
tables are usually zero-rich. b
The prevalence ﬁlter removes
taxa with too many zeros, while
c the taxon pair ﬁlter forbids
associations between taxon pairs
with too many matching zeros.
The garbage icon represents the
sum of the ﬁltered taxa. Both
ﬁlters necessitate choosing a
threshold.

taxon

Cougoul et al. (2019) “Rarity of microbial species: in search of reliable associations.”
Challenge #4: How to deal with
PLoS ONE 14, e0200458.
environmental factors?

strategies, another method is to regress out
factors and to infer associations in the residu
20
that are supposedly free of environmental

Microbial network inference: Challenges

09

Problem 3: Indirect edges

VOL. 75, 2009

• Indirect edge: a spurious edge introduced by the
response of two taxa to a third factor (another taxon or an
environmental factor)
ASSESSMENT OF SOIL BACTERIAL BIOGEOGRAPHY

5117

• “correlation is not causation”
ASSESSMENT OF SOIL BACTERIAL BIOGEOGRAPHY
Abundance

5117

OTU A

Environmental factor

Indirect edge OTU B

PO4
21

Microbial network inference: Challenges

Environmentally induced indirect edges:
Possible solutions
1)

2)

3)

4)

Fig. 2 Treatment of environmental heterogeneity. a Taxa respond
group, e the impact of environmental factors on taxon abundances c
Problem
with
third
solution:
non-linear
dependencies
of taxon
to environmental factors such as pH. b A common response to
be removed
before network construction through regression (oft
abundance
environmental
(optima)
environmental factors
introduceson
indirect
edges in thefactors
microbial
netimplemented assuming linear environmental response functions), an
work. To deal with this challenge, c environmental factors can be
the network can be ﬁltered to remove indirect edges after constructio
integrated during network
construction
considered
when interfor instance,and
using
data processing
inequality [24] or network deco
Faust (2021)
“Open and
challenges
for microbial
network construction
analysis.”
The
preting the network, dISME
samples
can15,be3111-3118.
stratiﬁed, either manually or
volution [49].
Journal
22
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Environmentally induced indirect edges continued
Clusters in sample-wise PCoA
Sample heterogeneity

PCoA2

Condition 2

100

Condition 1
50

PCoA1
0

Condition 1

Condition 2

Taxon 1

Taxon 2

Taxon 3

Taxon 4

Indirect edges in inferred
network

Abundant in
condition 1

Abundant in
condition 2

23
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Problem 4: Sampling scale
• Edges may differ depending on
sampling scale
• Storage effect: variability at the
microscale allows survival of
competing species (one or the other
dominates locally, but both co-occur
globally)
• Problem of experimental design

Sample 1

Sample 2

Sample 3

Inferred edge is negative within a sample
but positive across the samples

Chesson (2000) “Mechanisms of Maintenance of Species Diversity” 31, 343-366.
Armitage & Jones (2019) “How sample heterogeneity can obscure the signal of microbial
interactions” The ISME Journal 13, 2639-2646.

24
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Sampling scale: example
H. Wang et al. / Soil Biology & Biochemistry 105 (2017) 227e235

• Local competition hidden by shared niche preference
232

/ Soil Biology & Biochemistry 105 (2017) 227e235

231

H. Wang et al. / Soil Biology & Biochemistry 105 (2017) 227e235

231

Tool: CoNet

Tool: MENA

Positive association predicted

Negative interaction found

Wang et al. (2017) “Combined use of network inference tools identifies ecologically
meaningful bacterial associations in a paddy soil” Soil Biology & Biochemistry 105, 227-235.
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Tools
Which microbial network inference tools are
available and how do they work?

FlashWeave

SPIEC-EASI

• Different measures (Pearson, Spearman, Bray Curtis, ...)
capture different types of relationships, but they converge
when thresholds are increased
• Ensemble: measures make different mistakes, but tend to
agree on correct result, so combine them
"

@A@B

!"#$%&'(%#)"*"+(3#+3(+0'

Microbial network inference: Tools

CoNet

@A@CD
@A@C
@A@ED
@A@E
@A@@D
@

@

@A@@C @A@@F @A@@H @A@@G @A@E @A@EC @A@EF @A@EH
,(%#%-./0+(3#+3(+0'

non-linear relationship is
missed by Pearson

Faust & Raes (2012) “Microbial interactions: from networks to models.” Nature Reviews Microbiology
10 (8), 538-550.
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Microbial network inference: Tools

CoNet: Overview
Raw taxon
count matrix

Preprocessing

Relative abundance matrix

Rare taxa are discarded,
but their sum is kept as
an additional row (rare=
arbitrary prevalence cutoff).
Counts are converted
into relative abundances
(normalization).

Final graph

Assessment of significance
P-value computation,
p-value merge with
Fisher’s or Brown’s
method, multiple
testing correction with
Benjamini-Hochberg,
only significant edges
kept

Edge score
computation
Computation of all
pair-wise scores for
all selected
measures
(similarities,
dissimilarities,
correlations)

Initial multi-graph
Only measure-specific edges above
user-selected thresholds kept
Spearman
Pearson
Bray-Curtis

28
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CoNet: P-value computation (CCREPE)
• Edge- and measure-specific p-value is computed with a Z-test:
probability of the permutation distribution mean given the (normally
distributed) bootstrap distribution
• Renormalization to reduce compositionality bias
bootstrap
distribution

not significant

score

significant

renormalized
permutation
distribution

score

Faust*, Sathirapongsasuti* et al. “Microbial Co-occurrence Relationships in the Human Microbiome.”
PLoS Computational Biology 8, e1002606, 2012.
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CoNet: Implementation
•
•
•
•

CoNet is available on command line and as a Cytoscape app (versions 2.X and 3.X)
CoNet page: http://msysbiology.com/conet
Cytoscape app: http://apps.cytoscape.org/apps/conet
R implementation of core functions: https://hallucigenia-sparsa.github.io/seqgroup
Co-developers & contributors
Fah Sathirapongsasuti
Jean-Sébastien Lerat
Gipsi Lima-Mendez
Jeroen Raes
> 29,700 downloads from
Cytoscape app store

Faust & Raes (2016). “CoNet app: inference of biological association networks using Cytoscape”
F1000Research 5:1519
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SPIEC-EASI

Image taken from: https://stamps.mbl.edu/images/f/f0/STAMPS_Network_1.pdf
(Christian Mueller)
Kurtz et al. (2015) “Sparse and Compositionally Robust Inference of Microbial Ecological
Networks” PLoS Computational Biology 11(5), e1004226.
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SPIEC-EASI: Sparse graphical models
• SPIEC-EASI estimates the inverse covariance matrix, such that resulting
network has fewer indirect edges
• Zero in the inverse covariance matrix: conditional independence
• Assumptions: data are multivariate normally distributed and all relevant
variables are taken into consideration
Intuitive example by David MacKay:
Weights (nodes) connected by
springs (edges)

Covariance matrix

Inverse covariance matrix

Source: http://www.inference.org.uk/mackay/humble.pdf

Sparse = few
non-zero entries
in the inverse
covariance
matrix = few
edges

32
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SPIEC-EASI: Meinshausen & Bühlmann
One of SPIEC-EASI’s methods to infer the inverse covariance matrix:
Meinshausen & Bühlmann method (neighborhood selection)
Data Z (log-ratio
transformed)

A

B C D

Zi

Zall_but_i

1 2 3 4 5 6

A
B
C
D

For each
taxon i, do:

β̂

i ,λ

Penalty parameter

1 i
¬i
= argmin( Z − Z β + λ β )
1
n
β ∈! p−1
2

Species number

Sample number

Regression coefficients

Result: matrix of regression coefficients; is symmetrised
Edge = non-zero regression coefficient
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SPIEC-EASI: Stability-based model selection
• StARS: Stability Approach to Regularization Selection
• Bootstrap technique: Repeat network construction a
number of times with 80% of the samples (bootstrap
iteration number = rep.num parameter)
• Purpose: select penalty parameter λ such that the number
of edges present across bootstrap iterations is maximized
• Stability means here: stable with respect to small changes in
the data

34
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FlashWeave

Rapid Inference of Direct Interactions in Large-Sc
Ecological Networks from Heterogeneous Micro
Sequencing Data
Graphical Abstract

• SPIEC-EASI’s main weakness: does
not take environmental data into
account
• "FlashWeave = SPIEC-EASI +
metadata”: clr-transforms data and
exploits conditional independence
to reduce indirect edge number,
taking metadata into account
(algorithm: si-HITON-PC)
• Implemented in Julia

Authors

Janko Tackmann,
João Frederico Matias Rodrigues
Christian von Mering

Correspondence
mering@imls.uzh.ch

In Brief

Spurious associations and compu
complexity currently hinder ecolo
network inference from cross-stu
metagenomic data. Tackmann et
present FlashWeave, a novel cooccurrence method that predicts
interpretable microbial interactio
networks through graphical mod
inference. FlashWeave is highly s
and addresses data heterogeneit
validate the method in extensive
benchmarks on diverse synthetic
real-world data sets.

Highlights
d

FlashWeave infers direct associations, resulting in sparse,
interpretable networks

d

The method’s flexible graphical model framework scales to
500,000+ samples

d

It integrates environmental & technical factors; adjusts for
specific latent signals

An extensive
human gut microbial
network reveals patterns of
Tackmann, Rodrigues and van Mering (2019): “Rapid Inference ofdDirect
Interactions
in Large-Scale
biological interest
Ecological Networks from Heterogeneous Microbial Sequencing Data” Cell Systems 2019.08.002.
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Sensitive vs fast mode

HE mode

• Implementation of
conditional independence:

• FlashWeave can optionally ignore
zeros (‘structural zeros’) to deal
with heterogeneous samples

– Sensitive mode: partial
correlations on abundances,
assumes multivariate normal
distribution (weak assumption)
– Fast mode: mutual information
on presence/absences

B Runtime on

A Impact of structural zeroes

HMP (all Bo

OTU present
Sample group 1

OTU absent

35000
30000

Sample
group 1

Run time (s)

Microbial network inference: Tools

FlashWeave: modes

25000
20000
15000
10000

Sample
group 2

5000
0

Sample group 2

D Robustness
36

A Impact of structural zeroes

Runtime on heterogeneous data
HMP (all Body sites)

OTU present
Sample group 1

*

*

*

*

*

* 8h
ca.

Sample
group 1
104

40000

Run time (s)

Run time (s)

50000

30000
20000

ca. 3h

10000
0

Sample group 2

10

Method

Sample group 2

FlashwHE-S

FlashwHE-F

NorTA (American Gut)
1.0

SpiecE-GL

Topology = cluster

* > 172 800s (2 days)

*

*

*

*

*

20
15000

25000
20000

15
10000

15000

5000

10
5000
5

0

Method

0

0

500
750
1000
NumberofofOTUs
OTUs
Number

SpiecE-MB

eLSA
Flashw-S
CoNetSparCC

0Method
250

500

750

1000 1250 1500 1750

SparCC

mLDM

Topology = scale free

0.8
0.6
0.4
0.2

Ecological Models
0.6
1.0

0.4
0.2

SparCC

CoNet

Synthetic data NorTA
(American Gut,
cluster topology)

2000

=> My current choice for best cross-sectional microbial network inference tool;
pending independent evaluation
1 score

n

0.8

0.8

mLDM

Synthetic data
NorTA
** did(American
not finish Gut
cluster topology

0.8
0.8 Models
Ecological
- linear
(3 500
disjoint
habitats,
500 OTUs 0.0
per habitat)
Ecological
- linearModels
relationships
(3 relationships
disjoint habitats,
OTUs
per habitat)
0.0
1 2 3 4 5 6 7 8 9 10 11 22 33445 56 67 78 89 10
9 10 1 2 3 4 5 6 7 8 9 10
** did not finish
** did not finish
Rarefactions
Rarefactions
Rarefactions
Rarefactions
1.0
1.0
1.0 0.6
0.6
1.0

0.8

**

of edges
induced
by rarefactions
D Robustness to noiseNumber

Flashw-S SpiecE-GL
Flashw-F
1.0
CoNet
Flashw-F
eLSA
SpiecE-MB
1.0
mLDM
0.8

of heterogeneous
synthetic ecosystems
C ofInference
heterogeneous
synthetic ecosystems
C Inference

0.8

*

Network inference method

Flashw-F
SpiecE-GL
of synthetic
ecosystems
C Inference
SpiecE-MB
FlashwHE-F
FlashwHE-S
eLSA

Flashw-S
Flashw-F

*

** did not finish

by rarefactionsFlashw-F
D Robustness to noise induced
Flashw-S

Network inference method
Network inference
method
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*
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10000
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3
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60000
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HMP (all Body sites)
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30
Sample
35000
25000
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5
10
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* > 172 800s (2 days)
OTU absent
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B35000
Literaturedata
interaction prediction
B Runtime on heterogeneous
* *
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TARA Oceans

OTU absent

Fraction

A Runtime
of structural zeroes
A Impact

1 score

Microbial network inference: Tools

FlashWeave: RunBtime
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Other microbial network inference tools
• MENAP (Molecular Ecological Network Analyses Pipeline): exploits random
matrix theory to threshold similarity matrix
• SparCC: sparse correlations robust to compositionality
• REBACCA/CCLasso: sparse compositionality-robust correlations
• MInt: Takes environmental factors into account through hierarchical regression
• gCoda: estimates inverse covariance like SPIEC-EASI, but deals differently with
compositionality
• NetCoMi: correlation networks with comparison functions
List is not complete
MENAP: Zhou et al. (2010) “Functional Molecular Ecological Networks” mBio 1 (4), e00169-10.
SparCC: Friedman & Alm (2012) “Inferring Correlation Networks from Genomic Survey Data.” PLoS Comp Bio 8 (9), e1002687.
REBACCA: Ban et al. (2015) “Investigating microbial co-occurrence patterns based on metagenomic compositional data”
Bioinformatics 31(20):3322-3329.
CCLasso: Fang et al. (2015) “CCLasso: correlation inference for compositional data through Lasso” Bioinformatics 31(19):3172-3180.
MInt: Biswas et al. (2015) “Learning Microbial Interaction Networks from Metagenomic Count Data” RECOMB, Research in
Computational Molecular Biology, 32-43 (Lecture Notes in Computer Science).
gCoda: Huaying et al. (2017) “gCoda: Conditional Dependence Network Inference for Compositional Data” Journal of Computational
Biology 24(7): 699-708.
NetCoMi: Peschel et al. (2021) “NetCoMi: network construction and comparison for microbiome data in R” Briefings in
Bioinformatics 22(4), 1-18.
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Tools exploiting time series
information

Bucci et al. Genome Biology (2016) 17:121

a

b

P. mirabilis
C. scindens

Data

B. ovatus
B. vulgatus

R. obeum

E. coli

C.
hiranonis

R. hominis

Full state prediction

1.00
0.98
0.96

P. distasonis

Present

C. ramnosum
A. muciniphila
K. oxytoca

Time

0.94

Absent

Probability
of state bein
stable

B. fragilis
C. difficile

Fig. 3 Application of MDSINE to an experimental dataset evaluating the dynamics o
mice were pre-colonized with the GnotoComplex microflora, a mixture of human comm
diversity and key physiologic capabilities of a native gut microflora. After the commens
infected with C. difficile spores and monitored for an additional 28 days. Throughout th
interrogated via high-throughput 16S rRNA sequencing to determine abundances of sp

Inference of directed networks

LSA

Example lagged association

abundance

Microbial network inference using time

Local Similarity Analysis (LSA)
X

W

time
Fig. 2. Correlations with time delay identified by local similarity but not
by Pearson correlation. Two temporal sequences with some time delay were
simulated by W nþ3 ¼ Xn þ e, where e is standard normal, i.e. e $ N(0,1).
(a) Original sequences. (b) Aligned view.

• LSA uses dynamic programming to find local associations and
Fig. 3. The histograms of the P-values for (a) the real data and (b) the
permuted data.
lagged associations
!0.94, respectively), LSA catches this association and the normal• Can
besimilarity
applied
to cross-sectional
andTable
time
data
1. OTUseries
paris with P-value
'0.01 using LSA, but not using PCC
ized local
score is 0.475
with a P-value of 0.044.
• P-values
computed
permutation
orOtuYformula
Correlations with
time delay Twothrough
temporal sequences
with
OtuX
LS score(P-value, P-value)
PCC(P-value)
some time delay were simulated (Fig. 2). Here we assume that
W
¼ X þ e, where
e is standard
normal, i.e. e $ Nð0‚ 1Þ. The
!0.172(0.158)
10
31
!0.442(0.007, 0.09413)
• Command
line
tool:
!0.411(0.007, 0.09413)
!0.212(0.107)
PCC between the two sequences is !0.122 (P-value 0.32).
nþ3

n

17
31
+0.399(0.004, 0.06901)
22
31
As we can see from Figure 2a that there is a three time points
!0.382(0.005, 0.07749)
30
56
delay between the two temporal sequences—sequence x is
+0.360(0.006, 0.08708)
11
36
three time points behind sequence w. The aligned view of the
0.10757)
15 similarity
48 analysis!0.342(0.009,
Xia et al.
“Efficient
for local
of high-throughput
two(2013)
sequences
show statistical
a strong significance
correlation, asapproximation
can be seen in
+0.330(0.001, 0.03208)
2
7
Figuredata”
2b. LSA
can identify29this
delay—it gives a local
time series
Bioinformatics
(2),time
230-237.
!0.329(0.007, 0.09413)
5
7
score
of 0.653 (with
a P-value of
between analysis” BMC Genomics!0.303(0.009,
Durno similarity
et al. (2013)
“Expanding
the boundaries
of 0.0273)
local similarity
14 (1), S3. 0.10757)
5
54
these
two
sequences
.
Of
course,
if
we
knew
this
time
delay
before+0.293(0.009,
0.10757)
Xia et al. (2011) “Extended local similarity analysis (eLSA) of microbial30community
time series
data
58 and other
hand,
we
could
compute
the
Pearson
correlation
of
the
two
!0.288(0.008, 0.10679)
1
54
with replicates.” BMC Systems Biology 5 (2), S15.
matching subsequences.
+0.280(0.010, 0.11289)
19
34
Ruan et el. (2006) “Local similarity analysis reveals unique associations among marine bacterioplankton
species
+0.263(0.009, 0.10757)
15
34
and environmental factors” Bioinformatics 22 (20), 2532-2538.
+0.259(0.006, 0.08708)
41
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– https://bitbucket.org/charade/elsa/wiki/Home

0.353(0.017)
!0.212(0.108)
!0.059(0.367)
!0.283(0.047)
0.116(0.249)
0.262(0.061)
!0.083(0.315)
!0.092(0.297)
!0.283(0.047)
!0.273(0.054)
0.130(0.225)
0.168(0.164)
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Generalized Lotka-Volterra (gLV)
• The species network can be represented by the directed
interaction matrix A; entries represent interaction strengths

Negative
Positive

• Species abundance vector X changes as a function of species
initial abundance, growth rates B and its interactions A

dX(t)
= X(t) ( B + AX(t))
dt

Generalized Lotka
Volterra (gLV)
41

Transient

Community matrix
1 2 3 4 5 6 7 8 9 10

Microbial network inference using time

Simulation with gLV
Steady state

Diagonal: -0.5

1 2 3 4 5 6 7 8 9 10
No inter-species interactions:
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GLV parameterization
• Idea: infer gLV parameters from time series
• gLV parameters include species interaction matrix A
• gLV parameterization is a type of network inference

A
dX(t)
= X(t) ( B + AX(t))
dt
43
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GLV parameterization tools
• Tools parameterizing gLV equation:
– LIMITS: step-wise forward regression plus bootstrap
– MDSINE: parameterizes gLV with maximum likelihood and
Bayesian algorithms
– SgLV-EKF: parameterizes a stochastic gLV model with an extended
Kalman Filter
– MetaMIS: parameterizes gLV with partial least square regression
List is not complete
LIMITS: Fisher and Mehta (2014). “Identifying Keystone Species in the Human Gut Microbiome from Metagenomic
Timeseries using Sparse Linear Regression.” PLoS one 9, e102451.
MDSINE: Bucci et al. (2016) “Microbial Dynamical Systems INference Engine for microbiome time-series analyses”
Genome Biology 17:121.
Alshawaqfeh et al. (2017) “Inferring microbial interaction networks from metagenomic data using SgLV-EKF
algorithm” BMC Genomics 18:228.
Shaw et al. (2016): “MetaMIS: a metagenomic microbial interaction simulator based on microbial community
profiles” BMC Bioinformatics 17:488.
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Evaluation
• How well do microbial network inference tools perform?
Warning:
If not stated otherwise,
everything in this section is
on synthetic data only

Microbial network inference evaluation

1

MIC

Tool Evaluation I

p-value

CoNet
LSA
RMT

Tool developers
run their own
tools on test data
generated by
evaluators

SparCC
NaivePearson
NaiveSpearman

Run by
evaluators

Bray-Curtis
0.01

p-value

0.05

0.1

MIC

=maximal information coefficient

Evaluation: Weiss, Van Treuren, Lozupone, Faust et al. The ISME Journal 10, 1669-1681, 2016.
MIC: Reshef et al. Science 334, 1518-1524, 2011.
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a

Tool
Evaluation I: False positives and noise
a
0.12

CoNet

0.10
0.12

LSA

CoNet

0.08
0.10

• Most tools predict low number of false positives in data simulated
without interactions (Dirichlet-Multinomial)
• CoNet and MIC are robust to noise (similar networks after repeated
rarefactions)
FPR

FPR

RMT

LSA

0.06
0.08

SparCC
RMT

0.06
0.04

NaivePearson
SparCC

0.04
0.02

NaiveSpearman
NaivePearson

0.02
0.00
0.00

NaiveSpearman
Bray-Curtis

0.001

0.01

0.001

0.01

p-value

0.05

0.05

0.1

MIC

p-value
b
positive rate
0.20
b False

Robustness to repeated rarefaction
CoNet

0.20

CoNet

LSA

0.15

LSA

RMT

0.15

FPR
FPR

CoNet

LSA

RMT

SparCC

RMT

SparCC

0.10

SparCC

0.10

NaivePearson

NaivePearson

0.05

NaiveSpearman

0.05

0.00
0.00

Bray-Curtis
MIC

0.1

NaiveSpearman

0.001
0.001

0.01
0.01

p-value

0.05
0.05

0.1
0.1

Bray-Curtis
Bray-Curtis
MIC
MIC

Pearson, FisherZ

Spearman, FisherZ

Bray-Curtis

MIC

p-value
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6

Tool Evaluation I: Effect of compositionality
Abundance

rarefy (library size 2000) rarefy (library size 1000)

CSS

DESeq

Bray-Curtis
CoNet

• Compositionality effect is stronger for lower evenness (neff)
• Bray-Curtis and SparCC are compositionally robust (absolute
versus relative abundance does not alter results)
• Alternative normalization techniques (CSS/DESeq) do not
outperform rarefaction
LSA
MIC

Pearson
RMT

SparCC

Spearman

1

2

3

4

5

1

2

3

4

5

1

2

3

4

5

1

2

3

4

5

1

2

3

4

5

Number of edges shared by X/5 tables with varying neff (Inverse Simpson 36, 25, 19, 10, 4)
rarefy (library size 2000)
v. Abundance

rarefy (library size 1000)
v. Abundance

CSS
v. Abundance

DESeq
v. Abundance

Bray-Curtis
CoNet

Abundance of
selected taxon pair
multiplied with a
constant to
decrease evenness

LSA
MIC
Pearson
RMT
SparCC
Spearman

36

25

19

10

4

36

25

19

10

4

36

25

19

10

4

36

25

19

10

4

neff (Inverse Simpson)

Figure 2 The impact of compositional data and normalization strategy on reconstructing actual microbial interactions. Five tables with
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2 3 5

2 3 5

2 3 5

2 3 5

2 3 5

2 3 5

2 3 5

2 3 5

2 3 5

0.10

2 3 5

2 3 5

2 3 5

Tool Evaluation I: Interactions

Strength (2, 3, or 5)

Strength (2, 3, or 5)

mutual exclusion

0.08

RMT

0.06

SparCC

co-presence
FPR

2 3 5

2 3 5

LSA

e 3 Types of linear ecological relationships detected by each correlation technique. The columns represent the seven types of
NaivePearson
0.04
eered ecological relationships,
and the rows indicate
the eight
tools tested.
cell contains
three histograms
with increasing
• Interaction
detection
accuracy
in Each
zero-rich,
compositional
gth’ of relationship from left to right. The fill in each bar represents the fraction of engineered edges detected asNaiveSpearman
significant when the
0.02
dataofisfeatures
low for
tools
onships were composed of (a) pairs
or (b)all
triples
or more.
0.00

Bray-Curtis
0.001

0.01

0.05

0.1
MIC

p-value

b
0.20

CoNet
LSA

0.15

RMT

FPR

SparCC

0.10

NaivePearson
0.05

0.00

NaiveSpearman
Bray-Curtis
0.001

0.01

0.05

0.1

MIC

p-value

Sensitivity: TP/(TP+FN)
Precision (positive predictive value): TP/(TP+FP)
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Inverse covariance to the rescue?
• One source of error: indirect edges
• Tools based on inverse covariance
take them out
• Are these new tools (SPIEC-EASI,
gCoda) more accurate than previous
ones?
• FlashWeave not included (published
afterwards)

X
Indirect edge
Direct edge

SPIEC-EASI: Kurtz et al. PLoS Computational Biology 11(5), e1004226, 2015.
gCoda: J. Comput. Biol. 24(7), 699-708, 2017.
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Tool evaluation II (with environment)
Data generation:
• Modular and scale-free interaction matrix (Klemm-Eguiluz)
• Simulations with generalized Lotka-Volterra including
environmental effects
• Cross-sectional microbiome abundances generated

Sam Röttjers

With increasing environmental impact
in the simulations, clusters form in the
networks.
51
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10

FEMS Microbiology Reviews

Tool evaluation II (with environment)

FEMS Microbiology Reviews

Node size scales with strength of
environmental effect

• Tools based on inverse
covariance (SPIEC-EASI,
gCoda) are more precise,
but less sensitive than
other tools
• Increasing environmental
effect tends to lower
precision, especially in
tools based on inverse
covariance
• There is no silver bullet
tool

Röttjers & Faust (2018) “From hairballs to hypotheses - biological insights
from microbial networks” FEMS Microbiology Reviews 42, 761-780.
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Tool evaluation III
• Data generated with gLV simulations
(2019) 20:329
Page 6 of 14
• Note the good performance of standard correlation methods
• FlashWeave not included

Hirano and Takemoto BMC Bioinformatics
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precision/recall curve
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Hirano & Takemoto (2019) ”Difficulty in inferring microbial community structure based on
0.8

d AUPR

d AUPR

<k> = 2

0.8

co-occurrence network approaches” BMC Bioinformatics 20, 329.

PEA
SPE
PPEA
PSPE
MIC
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Evaluation of microbial network
inference from time series
• How well do time series inference tools perform?

54

• Time series generated with different population
models (including gLV)
• Parameters (that is networks) known
• Networks inferred from simulated time series
with LIMITS (the only tool evaluated)
• Two comparisons:
– Known network directly compared to inferred
network (accuracy of inference)
– Original time series compared to time series
generated with model parameterized with inferred
network (goodness of fit)

Goodness of fit
Data

LIMITs
Inferred network

Comparison

Microbial network inference evaluation

Tool evaluation for time series

Simulation
with model

LIMITS: Fisher and Mehta (2014). “Identifying Keystone Species in the Human Gut Microbiome from
Metagenomic Timeseries using Sparse Linear Regression.” PLoS one 9, e102451.
Evaluation: Faust et al. (2018) “Signatures of ecological processes in microbial community time series”,
Microbiome 6, 120.

55

5

Stool B

Stool A

SOI

Ricker

DM

Stool B

Stool A

SOI

0.00

Ricker

0.00

Hubbell

0.25

Hubbell

10

0.25

gLV

1

0.50

gLV

10

P−value

5

DM

d)LIMITS
LIMITSaccuracy
goodness
of time
fit, colored
a)
(100
points)by sigma

1.0

b) LIMITS goodne

LIMITSinteraction
mean cross−correlation
LIMITS
matrix correlation

1.00

1.00

0.9

0.75

0.9

0.01
0.05

0.8

NA

0

0.8

0.75

0.010.01
0.050.05

0.50

NA

0.7
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NA
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• Interaction matrix known: compare inferred to known interaction matrix ->
accuracy of inference
• The more links to infer, the lower the accuracy of LIMITS
• Accuracy for shorter time series is lower, but still reasonable
• Type of interaction model (gLV, Ricker, SOI) does not matter much
1

0.50

c) LIMITS accuracy, colored by connectance
LIMITS interaction matrix correlation

0.6
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c) LIMITS accuracy (noisy time series)
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Tool evaluation for time series
0.75

0.75

d) LIMITS goodnes
0.9
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10

Tool evaluation for time series
P−value

5

5

10

• Interaction matrix unknown: compare observed time series to those
generated with parameterized interaction model -> goodness of fit
• Goodness of fit can be misleading: it is high even for a neutral model
that does not take interactions into account explicitly (over-fitting)
Stool B

Stool A

SOI

Ricker

Hubbell

d) LIMITS goodness of fit, colored by sigma
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Hubbell

1

See also: Cao et al. (2017) “Inferring human microbial dynamics from temporal
metagenomics data: Pitfalls and lessons” Bioessays 39(2).
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Evaluation of microbial network
inference on biological data

benchmarks available, we can e
of performance estimators. Thes
more informed choices regardin
and the experimental design.

Statistical robustness of netw

• How well do the tools perform on biological data?
Röttjers and Faust

15

benchmarks available, we can expect a more diverse range
of performance estimators. These would allow users to make
more informed choices regarding the network inference tool
and the experimental design.

Statistical robustness of network properties
Overall, there are some key methodological issues that need to
be resolved to reduce bias in the field. Such issues go beyond the
performance of microbial network inference tools, and require
researchers to understand the limitations of their approaches.
numbersuites
of errors
in microbial
association
Figure 7. Firstly,
Types ofthe
benchmark
for evaluation
of network
inferencenetworks
tools.

Overall, there are some key meth
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The challenges of biological validation
• With complex ecosystems in situ, it is hard to know
whether two species do not interact (confirming the
negative is harder than confirming the positive)
• That means that we can only assess sensitiviy in situ
• In vitro, we can measure all pair-wise interactions
comprehensively and thus can assess accuracy
• But we don’t know whether interactions in vitro also
happen in situ
• And there may be higher-order interactions (roughly:
an interaction between two species that is modified by
the presence of additional species)

Figure 7. Types of benchmark suites for evaluation of network inference tools.
(A) Simulated datasets using different models can help evaluate whether tools
are able to identify ecological interactions and network properties. (B) Synthetic communities can provide a ground-truth network with known interactions, which can then be used to evaluate tool precision on real-world data.
(C) Network modules can be associated with specific environmental factors or
metabolic properties. Inferred networks could be evaluated for their visualization of such modules, if prior biological knowledge is available. (D) A reference
database could be used to match inferred edges to known interactions. In this
way, the sensitivity of network inference can be assessed for real-world communities. While it is straightforward to assess precision in simulated and synthetic
communities, it is difficult to measure it for real-world communities, since the
absence of a predicted interaction is hard to prove.

pre-processing affects microbial network inference, network inference tool developers would benefit from such a resource.
However, NeSSM output, as other simulations, may not
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Biological validation of interaction prediction:
mixed results
Arabidopsis root (Durán et al., Cell
2018)
Tool: Spearman/SparCC
Data: 16S on 144 plant samples
Validation data: high-throughput
screen of 2,862 antagonistic
bacterial-fungal interactions
Result: predictions for ca. 24 out of
32 tested bacterial OTUs confirmed

TARA Oceans (Lima-Mendez et
al., Science 2015)
Tool: CoNet
Data: 16S/18S on 313 openocean samples
Validation data: genus-level
eukaryotic interactions from the
literature (mostly endosymbiosis)
Known pairs: 43
Sensitivity: 42% (18 found)
Artificial community (Biswas et al.,
Lecture Notes in Bioinformatics 2015) Precision: uncertain
Note: one novel interaction
Tool: MInt
confirmed using microscopy
Data: 16S on synthetic 9-species
community
Validation data: co-growth on plates
Result: 2 out of 2 edges confirmed
100% accuracy (no false negatives)

Phage-Host (Edwards et
al., FEMS 2015)
Tool: Pearson
Data: 3025 global
metagenomic samples
Validation data: Known
hosts for 820 phages
Sensitivity: hosts correctly
predicted for 9.5% of the
phages (78 found)
Precision: uncertain
Note that global
metagenomic data set
filters for cosmopolitan
phages, however tested
phages may not be
cosmopolitan
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Questions so far?

Part II: Microbial network analysis

L. Röttjers et al.

Human Microbiome Co-occurrence Relationships

5
Difference in relative abundance between
Ruminococcaceae and other enterotypes
-0.12

0

0.04

Cluster
Alistipes
Blautia
Ruminococcaceae

Fig. 3 Core association network (CAN) constructed from associations present in at least four participants. Associations present in at least
four networks were included in the CAN, which was clustered with the Walktrap method for community detection. Clusters are named after
the most central taxa. Node color is mapped to the difference between median relative abundances for the Ruminococcaceae enterotype
compared to other enterotypes. Therefore, the pink color indicates that a taxon was more abundant in the Ruminococcaceae enterotype,
while a green color suggests that the taxon was less abundant in that enterotype. Node labels for higher taxonomic levels indicate that the
taxon is an unclassiﬁed member of a taxonomic group. All edge weights were positive.
Figure 2. Significant co-occurrence and co-exclusion relationships among the abundances of clades in the human microbiome.
A
randomized
and degree-preserving positive control networks,
global microbial interaction network capturing 1,949 associations among 452 clades at or above the order level in the human microbiome, reduced
respectively. The anuran-reported p values (Z-score test) conﬁrm
for visualization from the complete network in Figure S1. Each node represents a bacterial order, summarizing one or more genus-level phylotypes
the observed trends; the set sizes of all but one tested difference
and family-level taxonomic groups. These are colored by body site, and each edge represents a significant co-occurrence/co-exclusion relationship.
Edge width is proportional to the significance of supporting evidence, and color indicates the sign of the association (red negative, green positive).
of intersections (differences up to 0.5) are different when
Self-loops indicate associations among phylotypes within an order; for a full network of all phylotypes and clades, see Figure S1. A high degree of

highest-degree nodes, while the other contains Sporobacter, a
group of Ruminococcaceae members, and a group of Clostridiales
members as its highest-degree nodes. Clusters were named after
their most central nodes. Because enterotypes were not equally
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Example 1: Human Microbiome Project data
•
•
•
•

242 healthy individuals
sampled in up to 18 body sites
16S & metagenomic sequencing
Metadata

The Human Microbiome Project Consortium.
Nature 486, 207-214 (2012).
Nature 486, 215-221 (2012).
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HMP data: Niche structure
Dental plaque subnetwork:

Fig. 8. A cauliflower structure in plaque composed of Lautropia, Streptococcus, Haemophilus/Aggregatibacter, and Veillonella. Scattered cells of Prevotella, Rothia, and Capnocytophaga are also visible.

central Corynebacterium filament and the surrounding StreptoEarly biofilm or corncob
structures
coccus (23).
We detected Porphyromonas cells sometimes forming

separate corncobs, but also present in mixed corncobs immediately
adjacent to Streptococcus. This arrangement raises the question
of whether the Porphyromonas cells are in direct competition
with Streptococcus, for example competing for attachment sites
Actinobacteria
Streptococcuson the
Actinomyces
Corynebacterium
filament that allow the attached cell to
be bathed in the surrounding nutrient-rich saliva. Alternatively, it
is conceivable that Streptococcus and Porphyromonas may facilitate
each other’s attachment in the corncob
and thereby gain some
Prevotella
cross-feeding metabolic advantage. The positioning of Haemophilus/Aggregatibacter in corncobs, by contrast, was not directly
adjacent to the central filament in the absence of Streptococcus.
Porphyromonas
This arrangement could
arise simply from theDialister
binding properties
Fusobacterium
of the cells, if they find attachment sites only on Streptococcus, or
alternatively could reflect a metabolic need for close proximity to
Streptococcus. Whether each taxon–taxon interaction in corncobs
Rothia
is primarily mutualistic, commensal, or parasitic is a subject for
futureBacteroidetes
research, as is the degree to which the relationships might
change depending on local conditions, and the degree to which
Leptotrichia active competition shapes the composition and spatial organization of the assemblage. Similar questions arise for the cells in the
Treponema
filament-dense
and the hedgehog base.
Tannerella annulus
From the point of view of microenvironments inhabited by the
Capnocytophaga
component cells of the hedgehog, one taxon stands out as being part
of multiple communities: a single filament of Corynebacterium may
Schwartzia
experience several distinctive microenvironments
along its length.
The proximal part of the filament inhabits the hedgehog base, which
Selenomonas
is largely dominated by Corynebacterium but may contain Actinomyces and is also populated by a scattering of other cells. Farther
along its length, the Corynebacterium filament traverses the filamentrich annulus, where its neighbors consist of Fusobacterium, LeptoCentipeda
trichia, and Capnocytophaga. At its distal end, the Corynebacterium
filament is encased in a corncob shell of Streptococcus and Porphyromonas, with frequentlyearly
abundant
Haemophilus/Aggregatibacter
Olsenella
colonizers
and Neisseriaceae. These different environments may alter the local
intermediate
physiology of Corynebacterium,
even within colonizers
a single filament.
late colonizers
E798 | www.pnas.org/cgi/doi/10.1073/pnas.1522149113
colonizer status unknown

Found in
annulus

ownloaded by guest on March 31, 2020

Microbial network analysis examples

cultivation-independent analyses based on sequencing of rRNA
genes (18, 20, 38). These cultivation-independent analyses represent neither the very earliest stages in colonization nor the highly
mature and complex subgingival biofilm associated with periodontitis, but instead represent ordinary daily plaque accumulation
sampled from healthy subjects. The results that we present here,
using HMP sequencing data and samples of ordinary plaque from
healthy volunteers, show Corynebacterium as the taxon that provides a physical link to each of the other taxa in the hedgehog
structure. Our results do not suggest a central role for Fusobacterium

Fig. 9. Summary hypothesis for interpretation of hedgehog structures.
Corynebacterium filaments bind to an existing biofilm containing Streptococcus and Actinomyces. At the distal tips of the Corynebacterium filaments,
corncob structures form in which the filaments are surrounded by cocci,
including Streptococcus and Porphyromonas, in direct contact with the Corynebacterium filament as well as Haemophilus/Aggregatibacter in contact
with Streptococcus. Clusters of Neisseriaceae also occupy the periphery of the
hedgehog. The Streptococcus cells create a microenvironment rich in CO2, lactate, and acetate, containing peroxide, and low in oxygen. Elongated filaments
of Fusobacterium and Leptotrichia proliferate in this low-oxygen, high-CO2
environment in an annulus just proximal to the corncob-containing peripheral
shell of the hedgehog. The CO2-requiring Capnocytophaga also proliferates
abundantly in and around this annulus. The base of the hedgehog is
dominated by Corynebacterium filaments and thinly populated by additional rods, filaments, and/or cocci.

Image taken from de Welch et al.
PNAS, E791-E800 (2016).

Faust et al. (2012) PLoS Computational Biology 8 (7) e1002606.

Mark Welch et al.

65

Microbial network analysis examples

Example 2: TARA Oceans data
• Global marine expedition, >200 stations spanning 8
TA R A O C E A N S
oceanic regions, sampled at 2-3 depths
• 18S (4 cell size fractions), 16S, viral contigs

de Vargas et al. Science 348, 1261605 (2015).
Sunagawa et al. Science 348, 1261359 (2015).
Pesant et al. Scientific Data 2, 150023 (2015).

0.45 to 0.8 mm): n = 59; pr
fractions (0.22 to 1.6 mm, 0.22
were paired-end shotgun Illum
generate a total of more than
29.6 T 12.7 Gb per sample (14)
ative analyses with the human
which metagenomic data of
magnitude have been publis
Microbiome Project, phase I—
and the European Metagenom
Intestinal Tract project [3.8 Tb
To generate a reference gen
(16, 17)], we first reconstructed
tent of Tara Oceans samples b
sembly and gene prediction (
these data with those from
ocean metagenomes and refer
Specifically, ~111.5 million (M)
cleotide sequences were predi
at 95% nucleotide sequence id
sequences from other ocean
and 1.6 M sequences from ocea
433) and viral (n = 114) refere
66
This resulted in a global Ocea
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TARA: Interaction prediction
• Interaction candidate in TARA Ocean data
Prediction

Abundance profiles from 18S
marine phytoplankton data

Experimental validation
(microscopy)

Flatworm with photosynthetic
microalgal endosymbionts

Lima-Mendez*, Faust*, Henry* et al. (2015) “Determinants of community
structure in the global plankton interactome” Science 348, 1262073.
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• Clustering of TARA oceans microbial network using WGCNA
• Cluster representatives screened for strong association to carbon
export: Synechococcus (cyanobacterium) identified
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TARA: Linking taxa to function
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Example 3: Network inference from time series
• Clostridium difficile is an intestinal pathogen in mammals
• It can thrive when killing gut microbiota with antibiotics
• Experiment: Mice infected with C. difficile after exposure
to different antibiotics

Buffie et al. (2014) “Precision microbiome reconstitution restores bile acid
mediated resistance to Clostridium difficile” Nature 517, 205-208.
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Example 3: Network inference from time series
• Treating mice with bacteria that interact negatively
LETTER their
RESEARCH
with C. difficile increases
survival rate
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Buffie et al. Nature 517, 205-208 (2014).
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Human Microbiome Co-occurrence Relationships

Figure 2. Significant co-occurrence and co-exclusion relationships among the abundances of clades in the human microbiome. A
global microbial interaction network capturing 1,949 associations among 452 clades at or above the order level in the human microbiome, reduced
for visualization from the complete network in Figure S1. Each node represents a bacterial order, summarizing one or more genus-level phylotypes
and family-level taxonomic groups. These are colored by body site, and each edge represents a significant co-occurrence/co-exclusion relationship.
Edge width is proportional to the significance of supporting evidence, and color indicates the sign of the association (red negative, green positive).
Self-loops indicate associations among phylotypes within an order; for a full network of all phylotypes and clades, see Figure S1. A high degree of
modularity is apparent within body areas (skin, urogenital tract, oral cavity, gut, and airways) and within individual body sites, with most communities
forming distinct niches across which few microbial associations occur.
doi:10.1371/journal.pcbi.1002606.g002
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Manta: Microbial network clustering
• Challenges:
– Most existing cluster algorithms (e.g. MCL) do not exploit
information given in negative edges
– Microbial networks have a low accuracy

• Manta addresses these challenges
Sam Röttjers
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Manta – key ideas
• Use the principle: “an enemy of
an enemy is a friend” to group
taxa that share “enemy nodes”
(nodes linked with negative
edges)
• Weak node assignments (nodes
that cannot be clustered)
• Repeat clustering on partly
rewired networks to assess
robustness of clusters and
cluster memberships

1

3

2

4

5

1 manta pipeline. (A) Toy graph with two clusters separated by negatively weighted edges. The
Röttjers & Faust (2020) FIG
“manta-a
clustering algorithm for weighted
effect of node x on node z can be estimated by taking the product of edges 1,2 and 2,5. (B) Toy graph
ecological networks” mSystems
5 e00903-19.
with a single
negatively weighted edge in the left cluster. (C) Scoring matrix for panel A across six
iterations. Black and white values reflect !1 and 1, respectively. After six iterations, the scoring matrix
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Does manta work? How to evaluate
a network cluster algorithm?
• Need a data set with known clusters to check
whether the tool finds them back
• Microbiome data with known clusters are hard to
find
• Generate synthetic microbial abundances with
known clusters for manta:
– 1. Population model simulating different
environmental effects on predefined groups of taxa
– 2. Bicluster generation with FABIA

• Choice of data generation process often biases
tool evaluation (two processes better than one)
Hochreiter et al. (2010) “FABIA: factor analysis for bicluster acquisition.”
Bioinformatics 26, 1520-1527.

75

Microbial network analysis tools

Evaluation on population model

A Clustering Algorithm for Weighted Networks

Louvain, GN and WGCNA unsigned
failed (negative edges)

Sep (cluster separation) &
sparsity: cluster quality
KLFIG
performs
well
but
only
allows
2
clusters.
2 Performance of network clustering tools on two environmentally motivated
scoresclusters. Clustering
performance was estimated on 50 independently generated data sets generated from random interac-
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method; while this method did not return cluster assignments on the gLV simulated
data, it does return cluster assignments on the FABIA simulation. Surprisingly, the
opposite result holds for MCL, as the algorithm can no longer return cluster assignments on the positive-edge-only networks. MCL does better on the FABIA networks

Evaluation on biclusters

Weak node assignments
help manta

Keeping the edge signs improves WGCNA

MCL+, Louvain and
GN failed

Sep (cluster separation)
& sparsity: cluster quality
FIG 3 Performance of network clustering tools on two biclusters generatedscores
with FABIA (23). Clustering
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Microbial network clustering: lessons
• If your network contains negative edges, use tools that
support them (signed WGCNA, Kernighan Lin, manta)
• If you think that there are only 2 clusters, run Kernighan Lin
• WGCNA makes an assumption about the network structure
(i.e. that it is scale-free), which may not be true
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Manta in action: Tundra soil
Informative
network
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positive correlations between the TP dissimilarity and beta
diversity of bacterioplankton community were also observed
(Fig. S9), indicating that the differences of TP concentration between the samples contribute to the heterogeneity of
bacterioplankton communities along the regime shift from
MDR to PDR. Based on the Mantel test and partial Mantel test results (Table S3), the bacterioplankton community
was significantly correlated with most of the environmental

homogeneous selection (selection under homogeneous abiotic and biotic environmental conditions leading to more
similar structures among communities), dispersal limitation,
homogeneous dispersal, and other processes in shaping the
community patterns of the bacterioplankton community
along the two regimes (Fig. S10b). At a relative importance
of more than 60%, variable selection contributed the most
to the assembly processes of bacterioplankton communities

Microbial network analysis tools

Manta in action: Lake Taihu

Eutrophication: two regimes driven by nutrient concentration
Fig. 3 Bray–Curtis dissimilarity based PCoA plot from
six sampling sites across
regime shift from macrophytedominated regime (MDR)
to phytoplankton-dominated
regime (PDR) in Taihu Lake.
TN, total nitrogen; DTN, dissolved total nitrogen; NH4+-N,
ammonium nitrogen; NO3−-N,
nitrate nitrogen; NO2−-N, nitrite
nitrogen; TP, total phosphorus;
DTP, dissolved total phosphorus; PO43−-P, phosphate; DOC,
dissolved organic carbon; DO,
dissolved oxygen; Chl a, chlorophyll a

Macrophyte-dominated regime (MDR)

Phytoplankton-dominated regime (PDR)

TP: total
phosphorus

13

80

Community
Along the
Regime Shift
network
characteristics

nated
and clustered in the MDR
sites, whereas Firmicutes
that were
significantly
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pH, DTP,
and Gammaproteobacteria dominated and clustered in the
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the global
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all of the 54 (Table
PDR sites.
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1). The Z-test results
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Microbial network analysis tools

Manta in action: Lake Taihu
• Network constructed with CoNet
on all 54 samples and clustered
with manta
• Cluster 1 mostly consists of
Betaproteobacteria, which
decline with nutrient levels
• Cluster 3 is dominated by
Firmicutes, which tend to
increase with nutrient levels
• Cluster 2: contains phyla with
non-linear responses:
Gammaproteobacteria
(saturation) and Actinobacteria
(optimum)

TP: total
phosphorus

Fig. S11). Subnetworks inferred from datasets trimmed into
uniform number of OTUs contained distinct co-occurrence
patterns in terms of species composition (Fig. 4). Moreover,
these regime-specific co-occurrence relationships displayed
network characteristics that were significantly different
compared to random networks (Table 1). The Z-test results
comparing a variety of indexes of the observed correlationbased network with those of random networks, including
Modularity, Transitivity and Network diameter, indicated
that the networks among species along the regime shift from

the environmental variables in the MDR-associated cluster
(cluster 1), those in the PDR-associated cluster (cluster 3)
had greater positive effects on OTUs, especially for TP. We
also observed that environmental factors such as turbidity,
pH, DTP, DOC, PO43−-P and NO2−-N were hubs in these
networks, indicating that the changes in the concentrations
of nutrients are driving the bacterioplankton community
interactions along the regime shift from MDR to PDR. Of
note, taxa assigned to cluster 2 are grouped with both cluster
1 and cluster 3 in the visualization. Few connections were

Fig. 4 CoNet-based network of all samples along the regime shift
from the macrophyte-dominated regime (MDR) and phytoplanktondominated regime (PDR) in Taihu Lake clustered with manta. The
red solid lines indicate positive correlations and the black lines indi-

cate negative correlations. Different phyla and environmental factors
are represented with different colors (a). Cluster identity is further
represented by different node shapes and colors (b)
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Cao, Zhao, Li, Röttjers, Faust and Zhang (2022) Microbial Ecology Accepted.

L. Röttjers et al.

Microbial network comparison

Microbial network analysis tools

A Import multiple networks

• We can construct a set of networks e.g.,
one gut microbial network per person
• Is a network core present or do networks
L. Röttjers et al.
overlap not more than
expected by
C Return sizes of sets
chance?
A Import
multiple networks
B Construct null models

B Construct null models

3

D Compare properties
Sam Röttjers

Edges shared by:
3 networks

2 networks,
but not
3 networks

Fig. 1 The anuran pipeline. In the networks, node colors represent microbial taxa, while the red and green
82 e
and positive edge weights respectively. A Multiple networks are imported by the user. These networks can be o

Microbial network analysis tools

Anuran: a toolbox for comparing
noisy microbial networks
• Implements 2 types of null
models: network
randomization with and
without preserving node
degree distribution
• Tests whether a network
property or a core
network is significant
given randomized
networks
Röttjers S, Vandeputte D, Raes J and Faust K (2021). “Null-model-based network comparison
reveals core associations” ISME Communications 1, 36
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Microbial network analysis tools

Anuran in action: Sponge microbiome
• Sponge microbiome project: microbiota of 268 different
sponge host species collected around the globe Sponge microbiome
• > 3000 samples from ten sponge orders sequenced Sponge microbiome

3
3

Sample number
Figure 1: Global sample collection sites. Bubbles indicate collection sites of (A) marine sponges, (B) seawater, and (C) marine sediment samples. Bubble sizes are

proportional
to Bubbles
number ofindicate
samples as
indicated. sites of (A) marine sponges, (B) seawater, and (C) marine sediment samples. Bubble sizes are
Figure 1: Global sample collection
sites.
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6

• Ten sponge-order-specific
networks constructed with
CoNet
• Number of shared edges is
significant for edges
conserved in three
networks -> core network

Input
Negative control
Degree
Random
Positive control - prevalence
Degree - 10%

Number of shared edges

Microbial network analysis tools

Anuran in action: Sponge microbiome

Random - 10%
Degree - 50%
Random - 50%

Fig. 4 Set sizes across networks for ten sponge networks and
randomizations of these networks. The set size is the number of
edges present in a particular number of networks. The set size is
shown for a set of sets of network intersections, meaning that the
set of sets 4→6 is calculated as the number of edges in four or ﬁve
networks with all edges in at least six networks removed. Each

= Fraction of networks in which shared edges occur

CAN contains several phyla that
indicators of HMA–LMA status.
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taxa with consistently lower or h
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Anuran in action: Sponge microbiome
L. Röttjers et al.

• Core network clustered with
manta
• Clusters contain indicator taxa
for high versus low microbial
abundance sponges (HMA vs
LMA)
• HMA vs LMA classification
traverses sponge orders
• No 100% core expected (there
are no more highly preserved
edges than expected at
random)

7
Acidobacteria
Actinobacteria
Bacteroidetes
Chloroflexi
Crenarchaeota
Cyanobacteria
Gemmatimonadetes
Nitrospirae
Bin
PAUC34f
Planctomycetes
Poribacteria
Proteobacteria
SBR1093
Spirochaetes

Fig. 5 Core association network (CAN) constructed from associations present in at least three orders of sponges. Networks were
generated with CoNet from samples collected for the Sponge Microbiome Project [31] and were constructed using samples from a single
order of sponges. Associations present in at least three networks were included in the CAN. Node color was mapped to phylum and the
manta clustering algorithm was used to identify clusters in the network.

Cluster 0: enriched in HMA phyla
Cluster 1: only LMA phyla

dissortative networks, where nodes with high degree are more
likely to connect to nodes with low degree [46]. Our analysis of
centrality rankings further supports the observation that betweenness and degree centrality are correlated, as we found that taxa
did not have betweenness centrality rankings signiﬁcantly
different from betweenness centrality rankings observed for the
degree-preserving random networks.
We found that our set-of-sets approach could identify a CAN
from associations present in at least four individual-speciﬁc
networks inferred from fecal samples. Out of the two largest
CAN clusters, one contains Blautia, Faecalibacterium, and Coprococcus as its most central nodes, while the other contains
Sporobacter, a group of Ruminococcaceae members, and a group
of Clostridiales members. These clusters may be driven by
enterotype structure. However, the number of individuals
included in our analysis prevented us from drawing more speciﬁc

previously found to covary with stool samples that were
enterotyped as Prevotella or Bacteroides [27]. However, due to
the limited number of participants, we were unable to infer
enterotype-speciﬁc CANs.
Microbial networks have become a popular method for the
analysis of microbiome data despite their low accuracy. With
anuran, we have introduced a tool that can aid in the comparison
of multiple noisy networks through analysis of random networks.
Our set-of-sets approach uses null models to ﬁnd conserved
patterns across groups of networks. Therefore, anuran is one of
the ﬁrst dedicated tools for meta-analysis of noisy networks with
null models. We expect this null model suite to be a valuable
benchmarking tool in the analysis of microbial and other
networks.

Moitinho-Silva, L., Steinert, G., Nielsen, S., Hardoim, C. C., Wu, Y. C., McCormack, G. P., ... &
Hentschel, U. (2017). Predicting the HMA-LMA status in marine sponges by machine
learning. Frontiers in microbiology, 8, 752.
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(N combined = 3948) revealed a 14-genera core microbiota, but the 664 identified
genera still underexplore total gut diversity. Sixty-nine clinical and questionnaire-based
covariates were found associated to microbiota compositional variation with a 92%
replication rate. Stool consistency showed the largest effect size, whereas medication
explained largest total variance and interacted with other covariate-microbiota
associations. Early-life events such as birth mode were not reflected in adult microbiota
composition. Finally, we found that proposed disease marker genera associated to
host covariates, urging inclusion of the latter in study design.

filing was performed using 16S ribosomal RNA
(rRNA) gene amplicon sequencing. In addition, a
Dutch cohort (N = 1135, LifeLines-DEEP, LLDeep;

Microbial network analysis tools

Anuran in action: Human gut microbiome
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• Fecal samples collected for 20 women over six weeks (713
samples) and sequenced (16S rRNA)
• 20 microbial networks constructed with fastLSA
Number of timepoints subsampled

Number of timepoints subsampled
communities in human fecal material has

linked alterations in gut microbiota com-

Fig. 3 Gains in accuracy in the estimation of the equilibrium abundance are highest for the ﬁrst ﬁve samples for both RMPposition
and QMP.
Theasavailability
of
to disease,
well as chronically
suboptimal health and well-being (1–3).
multiple timepoints allows improved estimation of the equilibrium genus abundance through summary measures (e.g., median).
However, gains in
The discovery of these associations has stimuaccuracy decrease with additional timepoints. We calculated the error on the median genus abundances (y-axis) depending
onsearch
the number
timepoints
lated the
for specificof
microbiome-based
biomarkers
range of a
pathologies
(4–9).
(100 most abundant genera, all participants, timepoints randomly chosen out of the full time series, 10.000 iterations). The
elbowforofa wide
the curve,
point that
However, major challenges still hamper the once
signiﬁes an optimum in the trade-off between accuracy and sampling effort, lies roughly around 5 samples for both RMP (a) and QMP (b). Gains in
accuracy level off afterwards as evidenced by the ﬂatter curves.
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assumed imminent translation of microbiome
monitoring into diagnostic and clinical practice.
One such hurdle is the lack of knowledge about
the impact of host and environmental factors on
microbiota variation within an average, healthy
population. Such information is essential for
robust disease marker identification in clinical
metagenomics (10). To identify and characterize major microbiome-associated variables, the

*These authors contributed equally to this work. †Present address:
Computation and Systems Medicine Section, Department of
Surgery and Cancer, Imperial College London, London, UK.
‡Corresponding author. Email: jeroen.raes@kuleuven.be

PCoA of time series
data collected from
20 women, mapped
onto the Flemish Gut
Flora Data set (1104
samples)

Downloaded from http://science.sciencemag.org/ on April 29, 201
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Fig. 1. Microbial community variation in the FGFP cohort, represented by principal coordinates analysis (PCoA, genus-level Bray-Curtis dissimilarity).
(A) Top 10 contributors to community variation as determined by canonical correspondence analysis on unscaled genera abundances, plotted on the two first
PCoA dimensions (arrows scaled to contribution). (B) FGFP sample density on the PCoA plot; arrows indicate density peaks enriched in the three previously
proposed enterotype drivers: Prevotella, Bacteroides, and Ruminococcaceae genera.

560

Enterotypes: gut microbial
compositions dominated by
different genera (Rum =
Ruminococcus, Bact =
Bacteroides, Prev = Prevotella)

29 APRIL 2016 • VOL 352 ISSUE 6285

Color code: enterotype

Fig. 4 Visualization of microbiome composition trajectories. Principal Coordinate Analyses of RMPs of the study cohort samples (squares) as well as
1104 FGFP participants (crosses), colored according to enterotype, namely Ruminoccocaceae (Rum, blue), Bacteroides 1 (Bact1, orange), Bacteroides 2
(Bact2, Pink), Prevotella (Prev, green). Arrows indicate the sampling sequence in time, color coded for participant.

Vandeputte,…, Faust, Raes (2021) Nature Communications 12:6740.

sciencemag.org SCIENCE
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Anuran in action: Human gut microbiome
• Significant core network for edges in four or five networks
• Network clusters correspond to enterotypes
L. Röttjers et al.
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ycle) for all women. For days where there
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Fig. 3

Core association network (CAN) constructed from associations present in at least four participants. Associations present in at least

networks
were
Fig. 2 Set sizes across networks for 20 four
host-speciﬁc
human
gutincluded in the CAN, which was clustered with the Walktrap method for community detection. Clusters are named after
networks and randomized networks. Thethe
set size
is the
number
of Node color is mapped to the difference between median relative abundances for the Ruminococcaceae enterotype
most
central
taxa.
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Anuran in action: tool comparison
• Sponge-order specific
networks constructed with
CoNet and FlashWeave
• CoNet networks are
systematically larger
• Tool-specific network
intersection is highly
significant
• Tools pick up the same
associations, but CoNet
reports many additional
edges (indirect edges)

Sponge orders

A

B

Figure 10: Comparison of FlashWeave and CoNet networks. Host orderspecific networks were generated with both CoNet and Flashweave from samples
collected for the Sponge Microbiome Project [19]. The labels on each figure
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Microbial network analysis tools

Querying microbial networks
• A database to query microbial networks would be useful
• Existing one by Hu et al.:
http://www.microbialnet.org/mind_home.html
• There are dozens of tools to construct microbial networks
• Each tool comes with a range of settings
• Need for a flexible & local solution
Human Microbiome Co-occurrence Relationships
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Microbial network analysis tools

Mako – key ideas
• Use neo4j network database and CYPHER
network query language
• Avoid a centralised database; create network
database on the fly from user networks instead

Sam Röttjers
Röttjers & Faust “Fast and flexible analysis of linked microbiome data with mako”
(2022) Nature Methods 19, 51-54.
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Microbial network analysis tools

Mako in action
• Networks constructed for 60
microbiome data sets taken
from QIITA (tool: FlashWeave)
• Networks queried for specific
motifs
• More positive than negative
edges found
• Animal-derived microbial data
sets enriched in positive 4node clique

Faust et al.

Cross-biome microbial networ

Previous findings on Qiita
& EMP data with CoNet

FIGURE 2 | Differences between host and soil networks. Soil networks fall into two groups, characterized by low (QIIME soils) and high sequencing
[Earth Microbiome Project (EMP) soils], whereas host networks constructed from QIIME and Human Microbiome Project (HMP) samples have comparable
When taking all networks together, PEP in soil is significantly lower (p-value: 0.0002 according to the Wilcoxon rank sum test) than in host (A). The averag
coefficient (B) and network density (C) are also significantly different (p-values: 0.004 and 0.002, Wilcoxon rank sum test). Network density is computed a
2E/N(N-1), where E is the edge number and N the number of taxa in the processed matrix.

source communities down-stream as two different
increased stochasticity in these river regions (Wid
2014). Furthermore, the consistency of individual t
can be evaluated by cross-network comparison (Willi
2014; Xu et al., 2014). The effect of various network
on co-occurrence network inference accuracy has
intensively studied (Berry and Widder, 2014).
However, the potential impact of community prop
as alpha and beta diversity on the properties of co-o
networks has not yet been well explored, though it
for the interpretation of these network properties. In
previous network studies mostly focus on a single b
therefore built 20 biome-specific networks from 7 envi
and 13 host-associated sample sets, which togethe
biomes and which differ widely in their sample and taxo

properties considered in comparisons include among others the
number of edges as a measure of complexity (Dini-Andreote
et al., 2014), the network diameter, density, average path length,
and clustering coefficient (Peura et al., 2015) and the module
number (Williams et al., 2014). In some cases, interesting
ecological insights can be gained from a network comparison.
For instance, the extent of network fragmentation after node
deletion has been applied as a measure of robustness to random
or targeted species removal (Widder et al., 2014; Peura et al.,
2015) as well as a measure of stochasticity (Widder et al., 2014).
Widder and co-workers found a lower network fragmentation
for river regions with intermediate catchment areas as compared
to those with large or small catchment areas. They explain
this observation by a stronger hydrological variability and
higher dispersal limitation upstream and a larger number of

Gonzalez et al. (2018) “Qiita: rapid, web-enabled microbiome meta-analysis” Nature Methods 15, 796–798.
Faust et al. (2015) “Cross-biome comparison of microbial association networks” Frontiers in Microbiology 6, 1200.
Frontiers in Microbiology | www.frontiersin.org
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Microbial network analysis tools

Mako in action
• Task: find associations between
groups of gut bacteria able to
synthesize propionate
• Mako applied to collection of 60
microbial networks constructed
from QIITA to screen for
associations
• Most frequent: Bacteroides and
Lactobacillus
93

Microbial network properties

What about network properties?
Paine on keystone species: “These
individual populations are the keystone
of the community’s structure, and the
integrity of the community and its
unaltered persistence through time, that
is, stability are determined by their
activities and abundances”

Can we
identify
keystone
6
FEMS
Microbiology
Reviews
species with networks?

Hub taxon:
high degree

Connector
taxon: high
betweenness

Figure 2. Emergent node properties in networks. (A) Network with the green node
representing a hub, as it has the highest degree. (B) Network with the green node
having the highest betweenness centrality. (C) Examples of motifs that can be
found in networks. The feed-forward motif: (here, a 4-node motif is shown) is a
94
known motif in gene regulatory networks (Shen-Orr et al. 2002), while the clique

R.T. Paine (1969). A Note on Trophic Complexity and Community Stability. The American Naturalist 103, 91-93.

Microbial network properties

Can tools predict hub taxa?
• Not well (in synthetic data)
Connector taxa

Hub taxa

bad

Known
network

good

Röttjers & Faust (2018) FEMS Microbiology Reviews 42, 761-780.
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Microbial network properties

Can tools predict hub taxa?
• When a larger number of predicted top hub nodes is
considered, CoNet significantly enriches for correct hubs
(indirect edges may help with this – they are not always bad)
Matching fraction of hub nodes

P-value of matching fraction

P-value = 0.05
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Microbial network properties

Are correctly identified hub taxa keystones?
• Open question – perhaps in some cases
Microbial Hub Taxa Determine Host Microbiome Variation

Microbial Hub Taxa Determine Host Microbiome Variation

Example of a validated hub species (a parasite):
A. thaliana leaf
microbiome

A.l./A.c.:
Albugo
species

Microbial Hub Taxa Determine Host Microbiome Variation

susceptible versus resistant A. thaliana varieties

Agler et al. (2012) “Microbial Hub Taxa Link Host and Abiotic Factors to Plant Microbiome Variation”
PLoS Biology 14 (1) e1002352.
Röttjers & Faust (2018) “Can we predict keystones?” (Comment) Nature Reviews Microbiology 17, 193
Fig 4. Experiment 4: Species of the obligate biotrophic pathogen and hub genus Albugo can affect colonization of microbes in the phyllosphere,
linking abiotic or host genotype factors to a mechanism for observed microbial community variation. A. When Alb. laibachii Nc14 or Alb. candida Nc2
are absent due to abiotic (physical spore removal) or host (resistance) factors, the pathogen-associated microbial community increases in alpha diversity
(also see S12 Fig) is less replicable (A. laibachii only) and shifts significantly (A. laibachii only). B. Several genera of bacteria were observed to more
efficiently colonize the endophytic compartment of the phyllsophere in plants infected with Albugo sp. than in controls. For A and B: Ws-0: A. thaliana Ws-0,
Col-0: A. thaliana Col-0, Ksk-1: A. thaliana Ksk-1. Green: Susceptible hosts, Red: Resistant hosts, Yellow: Filter removal of Albugo on all hosts. (S1_Data.
xlsx)
doi:10.1371/journal.pbio.1002352.g004
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Summary: what to do when you want to build a
microbial network
• Data preprocessing: split samples into groups if they are
strongly heterogeneous -> filter and sum rare taxa -> normalise
abundances -> if appropriate and available multiply with total
counts
• Network inference: take metadata into account and reduce
indirect edges (currently only FlashWeave supports both)
• Analyse the hairball: map external data onto nodes if
available, check for enrichment of particular taxa or functions
in clusters, compare with other networks and known
interactions, experimentally validate interaction candidates

Microbial network construction and analysis
tutorials
• SparCC, MENA, LSA, CoNet and SPIEC-EASI:
http://msysbiology.com/microbialnetworks/
• FlashWeave and network analysis (manta &
anuran): https://rutjers.science/teaching/
• Mako tutorials:
https://ramellose.github.io/mako_docs/

Next steps in microbial network
analysis
• Network annotation: link taxa to known
physiological properties such as pH optima
– Tool development ongoing (microbetag)

• Experimentally resolve microbial interaction
networks to benchmark inference tools on
biological data
• Explore whether microbial network properties
reflect ecosystem properties
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Integrated multi-omic analyses of microbial communities
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Tackling compositionality
• The ratio trick: since total abundance T cancels
out in a ratio, the ratio removes dependency on
total abundance in a composition
𝑋!
𝑋!
Xi, Xj: abundances of taxa i and j
= 𝑇
𝑋" 𝑋"
𝑇
• CLR transform (introduces neg values):
𝑐𝑙𝑟 𝑋! = log(

𝑋!
∏#" 𝑋"

$/#

)

Divide abundance of taxon i by the
geometric mean of the abundances in
its sample and take the log

Supplement

Relative vs absolute abundances in network
inference
Water tap size
represents
nutrient
concentration in
the inflow

Chemostats with different nutrient concentrations in the inflow. In case density differences are solely
determined through nutrient concentration, total counts are a confounder to be removed.

Definition of measures
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Hellinger

å(

)

(x and y each sum up to 1)

d(x, y) =

Kullback-Leibler

æ
æ xi ö
æ y i öö
d(x, y) = åç x i logç ÷ + y i logç ÷÷
è yi ø
è x i øø
è

(x and y each sum up to 1)

Logged Euclidean

d(x, y) =

xi - yi

2

å (log(x ) - log(y ))

2

i

i

Recommended for compositional data (absolute values
are not of interest)
Euclidean distance

d(x, y) =

å(x

Bray Curtis
2
(Steinhaus is the
d(x, y) = 1 corresponding
similarity)
Recommended for taxon abundance data

Require pseudocounts or
smoothing because
log(0) = -Inf

Hellinger distance and
Kullback-Leibler
divergence are
mathematically
related measures.

- yi )

2

i

åmin(x , y )
åx +åy
i

i

i

i

Bray-Curtis dissimilarity is
computed on row-wise
normalized data (i.e. x and y
each sum up to 1)

Definition of measures continued
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Variance of log-ratios

xi
d(x, y) = var(log( ))
yi

Aitchison proposed a scaling
between 0 and 1, where 1
corresponds to maximal
similarity:

Pearson

Spearman

d(x, y) =1 - e -

d (x,y)

Variance of logratios, conceived
for compositional
data
Require pseudocounts or smoothing
because log(0) = -Inf

For Pearson, vectors x and y
are standardized (subtraction
of mean, division by standard
xi - x yi - y
deviation) and for Spearman,
d(x, y) =
ranks are considered, so
2
2
xi - x
yi - y
vector-wise standardization is
not necessary for either of
2
6 di
these measures. This also
d(x, y) = 1 ,di = x i - y i (ranks) means that correlations are
2
n n -1
scale-invariant, so do not
change when multiplied with
a constant.

å ( )( )
å( ) å( )
å
( )

Comparison of measures
1
KLD

0.8
0.6

Hellinger
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0.4

Euclid

Bray-Curtis

Var-Log

Pearson

0.2

Experiment: Select
1,000 top-ranked and
1,000 bottom-ranked
measure-specific
edges in Houston
data subset of HMP
V35 mothurprocessed 16S data

Spearman
KLD

Hellinger

Euclid

Bray-Curtis

Var-Log

Pearson

Spearman

Jaccard similarity heat map
(Ward clustering) based on
edge overlap

Fisher’s method of p-value merging
k

X ∼ −2∑ ln(pi )
Supplement

2
2k

i=1

k: number of association measures
pi: p-value of the ith association measure
X22k: Value is chi-square distributed with 2k degrees of freedom

The resulting p-value is the p-value of the Chi-square
value.
Fisher’s method is biased by correlated association
measures. This bias is taken out by Brown’s p-value
merging method.

CoNet: ReBoot
permutation with renormalization (ReBoot)
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shuffle selected taxon pair
all
taxa in
one
group
renormalize matrix group-wise

Fah Sathirapongsasuti

compute random score for taxon pair
on shuffled, renormalized
abundances

CoNet: ReBoot II
• Permutation test: removes correlation, but also any bias due
to compositionality
• Permutation with renormalization: shifts null distribution
normalized data

Supplement

raw data
true anticorrelation
between b1
and b3

bootstrap distribution mean
renormalized permutation distribution mean

significant

spurious correlation
between b2 and b4
introduced by
normalization
Fah
Sathirapongsasuti
not significant

CoNet’s assessment of significance reduces number of
false positives
Simulations with DirichletMultinomial

400

Spearman
Spearman, permuted and BH-corrected
Spearman permuted, bootstrapped and BH-corrected

100

200

300

Simulation parameters:
samples = 50
pi=1/S (max. even)
sequencing depth = 1000
θ = 0.002
repetitions = 100 (black)
repetitions = 10 (blue, green)
permutations: 100
bootstraps: 100
BH = Benjamini-Hochberg

0

Edge number
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500

Taxon number versus edge number

10

20

30

40

50

60

70

80

Taxon number

(matrix not normalized, permutation carried out without renormalization)

SparCC
•

basic idea: use the variance of log ratios (a distance measure robust to
compositionality bias, Aitchison 2003)
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" " x %%
D(x i , x j ) = var$$log$$ i ''''
# # x j &&
•
•

€

xi, xj are taxon abundance
vectors

the variance of log-ratios is not scaled, i.e. its maximum value is unknown
starting from the variance of log ratios, an approximation is developed to
estimate correlations robustly
2

2

D(x i , x j ) = ω i − ω j − 2 ρijω iω
•

€

where ω is the variance of the
(log-transformed) abundance
j vector of taxon i and ρ the
covariance between taxa i and j

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

Friedman & Alm (2012) “Inferring Correlation Networks from Genomic Survey Data.” PLoS Comp Bio 8 (9),
e1002687.
Aitchison (2003) “A concise guide to compositional data analysis” In: 2nd Compositional Data Analysis
Workshop, Girona, Italy.
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SparCC Parameters
Iterations
• SparCC fits a Dirichlet distribution to the counts and samples from
this distribution to estimate counts
• final correlation is reported as the median over several sampling
rounds
P-values
• Bootstraps generated by sampling with replacement
• P-values computed from bootstrap distribution as the proportion of
bootstrapped correlations that are at least as large as the original
correlation value
Implementations
• https://bitbucket.org/yonatanf/sparcc (original in Python)
• Part of the SPIEC-EASI R package

Discrete version of GLV: Ricker model
x i (t + δ t ) = ηi (t )x i (t )exp(δ t ∑ aij (x j (t )− x j ))

Supplement

j

δt: discrete time step
Xi(t): abundance of target species i at time point t
<xj>: steady state abundance of species j (carrying capacity)
ηi(t): log-normal noise
aij: interaction coefficient between taxa i and j
For ηi(t) = 1 (no noise) and δt -> 0, Ricker model reduces
to generalized Lotka-Volterra in continuous form.

Fisher and Mehta (2014). Identifying Keystone Species in the Human Gut Microbiome from
Metagenomic Timeseries using Sparse Linear Regression. PLoS one 9, e102451.

LIMITS - principle
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• LIMITS: Learning Interactions from MIcrobial Time Series
• Principle: select interaction coefficients such that change between
consecutive time points in one species is well predicted from the
other species
y1 = log x i (2)− log x i (1) = ∑ aij (x j (1)− x j )
j

y2 = log x i (3)− log x i (2) = ∑ aij (x j (2)− x j )
j

y3 = log x i (4)− log x i (3) = ∑ aij (x j (3)− x j )
j

↓
yt = log x i (t +1)− log x i (t ) = ∑ aij (x j (t )− x j )
j

Vector of log abundance
differences for species i for
all time point pairs (t+1,t)

ai* = yX
interaction matrix
row (interactions
between species i
and selected
predictor species)

−1

Pseudo-inverse of
species abundance
matrix of selected
predictor species

ηi(t): 1, δt: 1 (no noise, smallest
possible time step)
Fisher and Mehta (2014). Identifying Keystone Species in the Human Gut Microbiome from
Metagenomic Timeseries using Sparse Linear Regression. PLoS one 9, e102451.

LIMITS – workflow
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• Data is split into training and test set. Inference is done
on training set, prediction error is calculated on test set.
• Interaction matrix inference: For each species i, select
the set of predictor species j that minimise the error on
the test set via step-wise forward regression

• Repeat data splitting and interaction matrix inference a
number of times and report the median (bootstrap)
Error measurements:
• Difference between y and X in the test set, with interaction coefficients
inferred from the training set (reported by LIMITs)
• Difference between observed time series and time series predicted with
Ricker (simulation with inferred interaction coefficients)
• Difference between known and inferred interaction matrices

Examples of network properties
Clustering coefficient of node i
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i

k=3
n=1
Ci = 1/3
E=4
S=4
D = 2*4/(4*3)=2/3

Ci =

2⋅ n
ki ⋅ (k i −1)

k = number of neighbors of node i
n = number of edges between the
neighbors of node i
Average clustering coefficient

i
Ci = 2/3
D = 5/6

1 S
C = ⋅ ∑ Ci
S i=1

Network density (connectance)
i

D=
Ci = 1
D=1
fully connected clique

2⋅ E
S⋅ (S −1)

E = number of edges in the network
S = number of taxa in the matrix

Indirect edge removal: Overlap
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Overlap uses the start and length of co-occurrence in time

No overlap
à not indirect

overlap
à indirect

Ina Deutschmann

Indirect edge removal: sign patterns
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Taxon
Env. factor
Positive link
Negative link

8 possible sign patterns for two taxa and one environmental factor in a triplet

B

A

A

B

A

B

A

B

A

B
SI

SI

SI

A

B

A

SI

SI

SI

SI

Sign patterns
indicating an
indirect taxon
relationship

SI

B

A

B

Sign patterns
indicating a direct
taxon relationship
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Indirect edge removal: interaction information
• Interaction information indicates whether a triplet
contains an indirect edge
• It is an assumption that the indirect edge is the taxontaxon edge (this is a good assumption for environmental
factors that cannot be quickly influenced by taxa, such
as temperature)
negative: redundancy

zero: no interaction

positive: synergy

!CI(X ,Y |Z ) < MI(X ,Y ) !CI(X ,Y |Z ) = MI(X ,Y ) !CI(X ,Y |Z ) > MI(X ,Y )
SI

SI

SI

Taxon
Env. factor
Positive link
Negative link

A

B

A

B

A

II = CI(X,Y | Z) − MI(X,Y )

B

CI = conditional mutual
information
MI = mutual
information
II = interaction
information

covery rate, q, was calculated for all edges from the p
values using the R function p.adjust [40]. Lastly, we used
a significance threshold for the p and q value of 0.001 as
suggested in other works [22].

sum, the intersection combination retains an association in the network if no triplet classifies the association as environmentally driven.

EnDED: shrink the hairball
Sign pattern
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Intersection combination of EnDED—environmentally
driven edge detection methods

EnDED includes four methods: SP, OL, II, DPI (described below), and their intersection combination (an
ensemble approach of the four methods). We applied
these methods to find environmentally driven associations of microorganisms that were within an environmental triplet, as in [23]. An environmental triplet is a
special case of a closed triplet where one of the nodes
corresponds to an environmental factor and the other
two nodes correspond to microorganisms. We define the
closed triplets, where there is an edge between each pair
of three nodes, as T = {v, w, f} where v and w are two

The SP method [23] filters environmentally driven
edges from a network in which a positive association
score indicates co-occurrence, and a negative association score indicates mutual exclusion. Let svw be the
sign of the association score of the association between v and w (i.e., svw = + or svw = −). A closed triplet T has eight SP combinations that group into two
sets (see Fig. 3). If the product of the three association scores is positive, then the SP suggests that the
edge between the two microorganisms is environmentally driven. Otherwise, if the product of the three association scores is negative, SP does not suggest that
the association is environmentally driven.

• Problem: edges in microbial networks are often driven by
environmental factors
• EnDED combines several methods to remove indirect edges

Fig. 2 Treatment of environmental heterogeneity. a Taxa respond
to environmental factors such as pH. b A common response to
environmental factors introduces indirect edges in the microbial network. To deal with this challenge, c environmental factors can be
integrated during network construction and considered when interpreting the network, d samples can be stratiﬁed, either manually or
through clustering techniques, and a network constructed per sample

Challenge #5: What about higher-order
interactions (HOIs)?
Fig. 3 EnDED methods overview. EnDED is an implementation of four methods aiming to determine whether an edge between two
microorganisms is indirect through the action of an environmental factor. The four methods are sign pattern, overlap, interaction information,
and data processing inequality (see “Methods” section). Each method can be used individually or in combination. Here, we show the intersection
combination approach, i.e., only if all methods classify an edge as indirect, it is removed from the network. Otherwise, the edge is classified as not
indirect and kept in the network

Deutschmann et al. (2021)
“Disentangling
in
According
to a stringentenvironmental
deﬁnition, an HOIeffects
is an interaction
microbial association networks”
Microbiome
9,that
232.
between a number
of species
is altered by an additional

group, e the impact of environmental factors on taxon abundances c
be removed before network construction through regression (oft
implemented assuming linear environmental response functions), an
the network can be ﬁltered to remove indirect edges after constructio
for instance, using data processing inequality [24] or network deco
volution [49].

abundance data. In presence/absence of data, associatio
rule mining
uncover logical rules that can be interpret
Inacan
Deutschmann
as HOIs. An example for such a rule is a species A that
only found in the presence of two species B and C, f
instance, because it needs two cofactors produced by B an

EnDED performance
• Accuracy assessed on simulated data (extended Lotka Volterra model)
• Method combination: lowest accuracy but highest positive predictive
value (removes fewer true edges at cost of keeping false ones)
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Deutschmann et al. Microbiome

(2021) 9:232
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DPI: data-processing
inequality (edge with
smallest mutual
information in triplet is
removed)
II: Interaction
information (indicates
redundancy in triplets)
OL: overlap (time series)
SP: Sign pattern
Combi: Combination
Fig. 1 Evaluation of EnDED: intersection combination and individual methods on simulated networks. Using 1000 simulated networks, and 1000
simulated networks incorporating noise, we evaluated EnDED’s performance. A The evaluation measurements true positive rate (TPR), true
negative rate (TNR), accuracy (ACC), and positive predictive value (PPV) for each individual method, i.e., sign pattern (SP), overlap (OL), interaction
information (II), and data processing inequality (DPI), as well as the intersection combination (COMBI). SP and OL perform best according to TPR
and ACC, while the intersection combination performs best according to TNR. All methods performed well according to PPV. The intersection

True positive: false edge correctly removed False positive: correct edge falsely removed
False negative: false edge not removed
True negative: correct edge not removed

Deutschmann et al. Microbiome
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EnDED in action

(2021) 9:232

random permutation test if the theoretical p values for
the comparison are below 0.05; the number of iterations
was 2000. Although we are aware of time-delayed interactions and that eLSA [11, 12] could account for them,
we considered our sampling interval as too large (1
month) for inferring time-delayed associations with a
solid ecological basis. Thus, in our study, we focused on
contemporary interactions between co-occurring microbes. For the BBMO dataset, the Bonferroni false discovery rate, q, was calculated for all edges from the p
values using the R function p.adjust [40]. Lastly, we used
a significance threshold for the p and q value of 0.001 as
suggested in other works [22].

• Blanes Bay Microbial Observatory (BBMO) data:
Mediterranean Sea sampled monthly from Jan 2004
to Dec 2013
• Environmental factors measured
• 18S & 16S V4 region sequenced
• Network constructed with eLSA
• EnDED (combi) removed 8.3% of the edges
EnDED includes four methods: SP, OL, II, DPI (deIntersection combination of EnDED—environmentally
driven edge detection methods

scribed below), and their intersection combination (an
ensemble approach of the four methods). We applied
these methods to find environmentally driven associations of microorganisms that were within an environmental triplet, as in [23]. An environmental triplet is a
special case of a closed triplet where one of the nodes
corresponds to an environmental factor and the other
two nodes correspond to microorganisms. We define the
closed triplets, where there is an edge between each pair
of three nodes, as T = {v, w, f} where v and w are two

5 out of 29
known
interactions
lost
Triplet:

Fig. 2 Quantification of environmentally driven associations in the BBMO network A The first column shows the number (in thousands, K) or
Taxon size fraction: nano and pico, kingdom: B=Bacteria, E=Eukaryotes
fraction of microbial associations divided by domain: bacteria–bacteria associations (B), bacteria–eukaryote associations (BE), and eukaryote–

microorganisms, and
(see Fig. 3).
For the intersectio
methods must conv
all methods classify
mentally driven, the
work. If a microb
environmental triple
dicate the associatio
sum, the intersectio
ation in the network
ation as environmen

Sign pattern

The SP method [2
edges from a netwo
score indicates co-o
ation score indicates
sign of the associa
tween v and w (i.e.,
let T has eight SP
sets (see Fig. 3). If
ation scores is posit
edge between the tw
tally driven. Otherw
sociation scores is n
the association is en

A Clustering Algorithm for Weighted Networks

Manta internals
B, D) Unbalanced graphs: no
convergence (flip-flop state)
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A, C) Balanced graphs: Multiplication
and transformation (retaining signs) of
weighted adjacency matrix MCL-style
until convergence (scoring matrix)

=> Scoring matrix

Downloaded from http://msystems.as

Trick: use sub-sets of the
network to generate scoring
matrix. For balanced subsets,
follow procedure for balanced
graphs. For unbalanced
subsets, carry out only one
iteration. When merging, only
use nodes with signs consistent
across most subsets.
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Manta internals
• Clusters derived from scoring matrix through agglomerative
clustering with Euclidean distances
• Optimal cluster number determined with sparsity score S
S = 1/E*(number of negative edges not
in clusters + number of positive edges
in clusters – number of negative edges
in clusters – number of positive edges
not in clusters)
E: total edge number
S ranges from -1 to 1, with -1 being the
worst sore
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Mako’s data scheme

Manta internals
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• Weak cluster assignments:

– Find nodes that fluctuate strongly in flip-flop
iterations: oscillators (some diagonal values of
scoring matrix)
– Compute weight of shortest path from each
node to closest oscillator
– Negative weight or weight below user-defined
threshold: node has a weak cluster assignment
• Treatment of small clusters: clusters in size below threshold
are removed from scoring matrix and cluster membership of
their nodes is assigned based on average shortest path
weight to cluster members

