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Where did the microbiome come from?



This is our 
story...



Holobiont
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Where does colorectal cancer come 
from?
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Beta-diversity – Between 
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The microbiome as a risk factor for 
colorectal cancer
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Known Risk Factors
�Diet
�Physical Inactivity
�Race
�Obesity
�Alcohol
�Smoking
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Mini-tutorial #1: 
Predicting Community Metabolic Flux



Outline of Community Metabolic Modeling
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M. Mundy et all., (2017) Bioinformatics; 
M. Benedict et al., (2014) PLOS CompBio

OTU profile Metabolic Model Building

Byproducts
� Nutrients & cofactors
� Toxins

Growth rates
� Changes in species 

abundances

Makinac
cobraBABEL

H2S?
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Mapping Consensus Reads to Genome IDs
1. Download PATRIC/AGORA genomes
2. Make database of 16S region matching V3-V5 primers
3. For each representative OTU sequence:

a. Perform global alignment (VSEARCH, no masking, no match heuristics)
b. If <90% identity, discard as an unmatched OTU
c. Otherwise, use best match based on alignment score
d. If tied, use the most highest quality genome
e. If tied, use the type-strain (i.e., best metabolic model)

4. Download model corresponding to the 16S representative -or- use 
automated metabolic model reconstruction algorithm



Automated Metabolic Model Building

Annotated Genome

RASTAssembled 
Genome

SEED 
subsystems

Preliminary 
Reconstruction

Reaction DB:
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Accurate gene-reaction
inclusion and annotation!

M. Benedict et al., (2014) PLOS CompBio



MICOM: Microbial Community Metabolism
Makinac/cobraBABEL

1. If necessary, convert models to cobrapy format (Makinac)
2. Install cobrapy and micom
3. Introduction to micom on bioarXiv



Mini-tutorial #1: Result

OTU profile

Representative 
Genomes/Models

Brock, T.G. 2009 

Higher H2S production in 
dMMR tumors! 



Mini-tutorial #2: 
Calculating the Metabolic Influence 

Network (MIN)



Jaeyun Sung, 
et al., Nature 
Comm. 2017

Quick Review: 
Global Map of 
Microbial 
Metabolic 
Interactions



Data Sources

§ 3 data sources
§ HMP Consortium (Nature, 2012)
§ MetaHIT (Nature, 2010)
§ MetaHIT (Nature, 2012)

§ 4 phenotypes (sample #)
§ Healthy (370) 
§ Obesity (39) 
§ Inflammatory Bowel Disease (34)
§ Type-2 Diabetes (174)

Import & export metabolite identification

Jaeyun Sung



Microbe-Compound bipartite network
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Human gut microbiota 
interaction network
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Jaeyun Sung, 
et al., Nature 
Comm. 2017

What is a 
metabolic 
influence 
network 
(MIN)?



Generating the Metabolic Influence Network

22H. Mendes-Soares et all., (2016) BMC Bioinformatics; 

OTU profile Metabolic Model Building

Community Interactions

Assess Pair-wise 
Interactions (FBA)
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MMINTE



MMINTE

https://github.com/mmundy42/MMinte



MMINTE



Influence Scores: Edges
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Influence Scores: Nodes



Visualization Tools
HiForT
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What about the ecology?
• Turn to metabolic modeling to predict 

metabolic cross-feeding: Metabolic 
Influence Network (MIN)

• Which species are ecological drivers?

PATRIC

OTU profile

Representative Genomes/Models

Community Metabolic Modeling

© 2015 Mayo Foundation for Medical Education and Research 
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Figure 3 – Example Output 

MMinte allows users to create predictions about the interactions between species 
that make up microbial communities and therefore stability and resistance the 
invasion. 

MMinte allows users to change the nutritional conditions to see if diet may affect 
resistance to invasion by pathogens. 

MMinte works in the user’s local machine, so private microbiome data can be 
analyzed. 

Conclusions 
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2.  Altschul, Gish, Myers, Lipman (1990), J Mol Biol, 215(3): 403 – 410. 
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985: 17 - 45. 

4.  Ebrahim, Lerman, Palsson, Hyduke (2013), BMC Systems Biology, 7: 74. 

5.  Heinken and Thiele (2015), Appl Environ Microbiol, 81(12): 4049 – 4061. 

6.  http://d3js.org/ 
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Background: The stability of microbial communities, and their consequent 
resistance to invasion by pathogens, is dependent on the  kinds of 
interactions occurring between the member species. However, while co-
occurrences of species are often measured, the possible interactions 
between any two species are unknown. 

Objective:  We developed MMinte,  an application that uses metabolic 
models of the species present in a community under particular nutritional 
conditions to infer what are the types of interactions occurring between pairs 
of species. 

Overview of the tool:  MMinte is an integrated pipeline that allows users to 
explore the different kinds of pairwise interactions occurring between 
members of a microbial community under different nutritional conditions. 
These interactions are predicted for the taxonomic units of interest from as 
little information as the 16S rDNA sequences commonly obtained in studies 
describing the species membership of microbial communities. Our application 
is composed of seven widgets that run sequentially, with each widget utilizing 
as the default input the file created in the previous widget. While MMinte may 
be run as a streamlined pipeline, due to its compartmentalized nature, the 
user is given the ability to better control the full analysis. The user may start 
the application at any of the seven widgets, as long as the data provided has 
the adequate structure. Furthermore, the user can access the output files of 
each widget, and verify the quality of the data produced at each step of the 
analysis, as well as explore it with alternative tools. The final output is a 
network diagram representing the interactions between the pairs of species.  

Conclusions:  MMinte performs a series of sequential tasks to assess the 
kind of ecological interactions that are potentially occurring between two 
members in a community. This allows researchers to create predictions about 
the level of stability of communities and consequent susceptibility or 
resistance to invasion by pathogens. 

Abstract 

Figure 2 – MMinte Workflow 

Components of the application 

Figure 1 – Microbial Interactions 

MMinte – Predicting metabolic microbial species 
interactions from community membership 

MICROBIOME

The ecology of the microbiome:
Networks, competition, and stability
Katharine Z. Coyte,1,2* Jonas Schluter,1,2,3*† Kevin R. Foster1,2†

The human gut harbors a large and complex community of beneficial microbes that remain stable
over long periods.This stability is considered critical for good health but is poorly understood.
Here we develop a body of ecological theory to help us understand microbiome stability.
Although cooperating networks of microbes can be efficient, we find that they are often unstable.
Counterintuitively, this finding indicates that hosts can benefit frommicrobial competition when
this competition dampens cooperative networks and increases stability. More generally, stability is
promoted by limiting positive feedbacks and weakening ecological interactions.We have analyzed
hostmechanisms formaintaining stability—including immune suppression, spatial structuring, and
feeding of community members—and support our key predictions with recent data.

T
he human microbiome contains hundreds
of species and trillions of cells that reside
predominantly in the gastrointestinal tract
(1, 2). These microbes provide many health
benefits, including the breakdown of com-

plex molecules in food, protection from patho-
gens, and healthy immune development (3–6).
The gut microbiome is often noted for its ecolog-
ical stability. Different peoplemay carry different
microbial species, but any one individual tends to
carry the same key set of species for long periods
(6–8). This stability is considered critical for host
health and well-being, because it ensures that
beneficial symbionts and their associated functions
are maintained over time (9–12). Correspond-
ingly, major shifts in microbial community com-
position are often associated with ill health (4, 13).
Research into gut communities has been char-

acterized by a large volume of empirical work.
Nevertheless, we are far from a clear understand-
ing ofmicrobiome communities and, in particular,
what promotes or disrupts their stability. There
is a pressing need for complementary theory to
identify overarching principles and patterns for
the microbiome. Some progress has been made
through the use of individual-based models (14)
and other analyses of two-species communities (15).
However, themicrobiome containsmany diverse
species interacting with one another (16), which
makes the full system complex and challenging
to understand. The field of theoretical ecology
has a long history of using network models that
are specifically intended to deal with large and
complex communities (17, 18). Here we develop
ecological network theory to identify the gen-
eral principles underlying microbiome stability.
We then use these principles to identify and ana-
lyze candidate mechanisms that a host can use to
promote stability in its microbiome. Finally, we
show that our key predictions are supported by
recent data from the mammalian microbiome.

Seminal work by May suggests that species di-
versity can be problematic for community stability
(17, 19). However,May’s work focused on networks
where the types of interactions between species
are randomly distributed,meaning that +/+ (coop-
eration) and –/– (competition) interactions occur
with half the probability of +/– (exploitation) inter-
actions. Also, whereas ecological competition is
thought to be prevalent in natural microbial com-
munities (20), it is commonly assumed that the
functioning ofmicrobiome communities rests upon
species that engage in cooperativemetabolism (+/+)

andprovidehealth benefits for the host (3, 21–24).
There is a clear rationale for this assumption.
Competition between microbes—captured by the
number and magnitude of mutually negative in-
teractions in our models—is associated with both
antibiotic warfare (25, 26) and a reduction in the
cooperative secretions that promote community
productivity (27). Both have the potential to severe-
ly reduce the efficiency of any cooperative metab-
olism that benefits the host (3, 21–24, 28).However,
although intuitive, this argument neglects the po-
tential effects of cooperation or competition on the
ecological stability of microbiome communities.
To understand ecological stability in themicro-

biome, therefore, wemust consider the specific ef-
fects of cooperation and how cooperation interacts
with other community characteristics, such as mi-
crobiomediversity, to influence community dynam-
ics. To do this, we have developed a dedicated body
of theory based on Wigner’s semicircle law and
subsequent analyses (18, 29, 30). First, we derive a
general analytic stability criterion that captures all
potential community types, covering the full rangeof
possible interactions and species diversities [Fig. 1
and supplementary method 1 (31)]. We develop
our theory for unstructured ecological networks
because, unlike in plant-pollinator communities
or foodwebs (32, 33), there is no evidence of strong
structuring within microbial communities (16).
However, although no single structure type dom-
inates in these communities, our mathematics

SCIENCE sciencemag.org 6 NOVEMBER 2015 • VOL 350 ISSUE 6261 663

1Department of Zoology, University of Oxford, Oxford, UK.
2Oxford Centre for Integrative Systems Biology, University of
Oxford, Oxford, UK. 3The Graduate University for Advanced
Studies, Hayama, Kanagawa 240-0193, Japan.
*These authors contributed equally to this work. †Corresponding
author. E-mail: jonas.schluter+sokendai@gmail.com (J.S.); kevin.
foster@zoo.ox.ac.uk (K.R.F.)

Fig. 1. Ecological theory and microbiota stability. (A) Ecological network theory captures networks of
microbial species that interact with themselves (–s) and other genotypes (aij). (B) Coupled ordinary differential
equations capture all possible combinations of connectivity, interaction types (e.g., cooperation, competition,
exploitation), and species numbers (S) covering any biologically feasible equilibrium microbiota. Xi, density of
species i; ri, growth rate of species i; t, time.Three sample networks are shown. (C) Communities that return to
their previousdensities after perturbation are classified as stable, those that return to theirequilibrium faster are
categorized as more stable, and those that continue to diverge from the equilibrium are considered
unstable (17, 18). (D) Linear stability analysis uses the eigenvalues’ real (Re) and imaginary (Im) parts, shown
plottedhere.The largest real part of the eigenvalues underlyinga communitydetermineswhether, and how fast,
the community will return after perturbation. If this quantity is negative, the community is stable;more negative
values indicate that the community returns to stability more quickly. The imaginary parts of the eigenvalues
predict the extent of oscillations in species densities during a return to equilibrium: Larger imaginary com-
ponents predict more frequent oscillations. Eigenvalues are shown for the three sample communities from
(B) (purple, brown, green), and our analytic bound for their localization (black ellipse). Our analysis also
derives one special eigenvalue location that, for some parameters, will lie outside of the ellipse (black dot).
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MICROBIOME

The ecology of the microbiome:
Networks, competition, and stability
Katharine Z. Coyte,1,2* Jonas Schluter,1,2,3*† Kevin R. Foster1,2†

The human gut harbors a large and complex community of beneficial microbes that remain stable
over long periods.This stability is considered critical for good health but is poorly understood.
Here we develop a body of ecological theory to help us understand microbiome stability.
Although cooperating networks of microbes can be efficient, we find that they are often unstable.
Counterintuitively, this finding indicates that hosts can benefit frommicrobial competition when
this competition dampens cooperative networks and increases stability. More generally, stability is
promoted by limiting positive feedbacks and weakening ecological interactions.We have analyzed
hostmechanisms formaintaining stability—including immune suppression, spatial structuring, and
feeding of community members—and support our key predictions with recent data.

T
he human microbiome contains hundreds
of species and trillions of cells that reside
predominantly in the gastrointestinal tract
(1, 2). These microbes provide many health
benefits, including the breakdown of com-

plex molecules in food, protection from patho-
gens, and healthy immune development (3–6).
The gut microbiome is often noted for its ecolog-
ical stability. Different peoplemay carry different
microbial species, but any one individual tends to
carry the same key set of species for long periods
(6–8). This stability is considered critical for host
health and well-being, because it ensures that
beneficial symbionts and their associated functions
are maintained over time (9–12). Correspond-
ingly, major shifts in microbial community com-
position are often associated with ill health (4, 13).
Research into gut communities has been char-

acterized by a large volume of empirical work.
Nevertheless, we are far from a clear understand-
ing ofmicrobiome communities and, in particular,
what promotes or disrupts their stability. There
is a pressing need for complementary theory to
identify overarching principles and patterns for
the microbiome. Some progress has been made
through the use of individual-based models (14)
and other analyses of two-species communities (15).
However, themicrobiome containsmany diverse
species interacting with one another (16), which
makes the full system complex and challenging
to understand. The field of theoretical ecology
has a long history of using network models that
are specifically intended to deal with large and
complex communities (17, 18). Here we develop
ecological network theory to identify the gen-
eral principles underlying microbiome stability.
We then use these principles to identify and ana-
lyze candidate mechanisms that a host can use to
promote stability in its microbiome. Finally, we
show that our key predictions are supported by
recent data from the mammalian microbiome.

Seminal work by May suggests that species di-
versity can be problematic for community stability
(17, 19). However,May’s work focused on networks
where the types of interactions between species
are randomly distributed,meaning that +/+ (coop-
eration) and –/– (competition) interactions occur
with half the probability of +/– (exploitation) inter-
actions. Also, whereas ecological competition is
thought to be prevalent in natural microbial com-
munities (20), it is commonly assumed that the
functioning ofmicrobiome communities rests upon
species that engage in cooperativemetabolism (+/+)

andprovidehealth benefits for the host (3, 21–24).
There is a clear rationale for this assumption.
Competition between microbes—captured by the
number and magnitude of mutually negative in-
teractions in our models—is associated with both
antibiotic warfare (25, 26) and a reduction in the
cooperative secretions that promote community
productivity (27). Both have the potential to severe-
ly reduce the efficiency of any cooperative metab-
olism that benefits the host (3, 21–24, 28).However,
although intuitive, this argument neglects the po-
tential effects of cooperation or competition on the
ecological stability of microbiome communities.
To understand ecological stability in themicro-

biome, therefore, wemust consider the specific ef-
fects of cooperation and how cooperation interacts
with other community characteristics, such as mi-
crobiomediversity, to influence community dynam-
ics. To do this, we have developed a dedicated body
of theory based on Wigner’s semicircle law and
subsequent analyses (18, 29, 30). First, we derive a
general analytic stability criterion that captures all
potential community types, covering the full rangeof
possible interactions and species diversities [Fig. 1
and supplementary method 1 (31)]. We develop
our theory for unstructured ecological networks
because, unlike in plant-pollinator communities
or foodwebs (32, 33), there is no evidence of strong
structuring within microbial communities (16).
However, although no single structure type dom-
inates in these communities, our mathematics

SCIENCE sciencemag.org 6 NOVEMBER 2015 • VOL 350 ISSUE 6261 663
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Oxford, Oxford, UK. 3The Graduate University for Advanced
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*These authors contributed equally to this work. †Corresponding
author. E-mail: jonas.schluter+sokendai@gmail.com (J.S.); kevin.
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Fig. 1. Ecological theory and microbiota stability. (A) Ecological network theory captures networks of
microbial species that interact with themselves (–s) and other genotypes (aij). (B) Coupled ordinary differential
equations capture all possible combinations of connectivity, interaction types (e.g., cooperation, competition,
exploitation), and species numbers (S) covering any biologically feasible equilibrium microbiota. Xi, density of
species i; ri, growth rate of species i; t, time.Three sample networks are shown. (C) Communities that return to
their previousdensities after perturbation are classified as stable, those that return to theirequilibrium faster are
categorized as more stable, and those that continue to diverge from the equilibrium are considered
unstable (17, 18). (D) Linear stability analysis uses the eigenvalues’ real (Re) and imaginary (Im) parts, shown
plottedhere.The largest real part of the eigenvalues underlyinga communitydetermineswhether, and how fast,
the community will return after perturbation. If this quantity is negative, the community is stable;more negative
values indicate that the community returns to stability more quickly. The imaginary parts of the eigenvalues
predict the extent of oscillations in species densities during a return to equilibrium: Larger imaginary com-
ponents predict more frequent oscillations. Eigenvalues are shown for the three sample communities from
(B) (purple, brown, green), and our analytic bound for their localization (black ellipse). Our analysis also
derives one special eigenvalue location that, for some parameters, will lie outside of the ellipse (black dot).
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concurrently analyzes all network arrangements
and therefore naturally capture biologically critical
network motifs, including chains of cross-feeding
metabolic exchanges between species (34). Further-
more, unstructured networks are amenable to
comprehensivemathematical analysis, whichmeans
we can simultaneously analyze the ecological stabil-
ity of all possible network permutations as a func-
tion of our focal parameters. Specifically, we can
account for any variation in the proportion of co-
operation (+/+), competition (–/–), exploitation
(+/–), commensalism (+/0), and amensalism (–/0)
in networkswith any combination of connectivity,
C, and species number, S [method 1 (31)]. Stability
is assessed from the network’s eigenvalues, which
give three measures of stability: (i) the probability
that the communitywill return to its previous state
after a small perturbation, (ii) the population dynam-
ics during this return, and (iii) how long the return
will take, which is a form of resilience (35) (Fig. 1).
We first show that May’s (17) destabilizing

effect of species diversity still holds in communi-
ties with any mixture of interaction types. From
purely cooperative networks to mixed-interaction
networks to purely competitive networks (fig. S1),
our model predicts that high species diversity
leads to unstable microbiome communities. How
though does altering the level of cooperation be-
tween species affect microbiome stability? We
find that gradually increasing only the propor-
tion of cooperative interactions within communi-
ties nearly always decreases the overall return
rate and the likelihood of stability [Fig. 2 and

method 1b (31)]. We confirm our analytic results
with numerical analyses [Fig. 2B, figs. S3 to S6,
and method 1f (31)]. These results contrast with
a recent analysis of macroscopic communities,
which predicts that ecological stability can bemax-
imized for an intermediate frequency of coop-
erative interactions (32). In the supplementary
materials, we show that our analytical model re-
capitulates these numerical simulations and
that the predictions rest on assumptions that suit
macroscopic communities but not themicrobiome
[method 1g (31) and figs. S4 to S9] (32, 36).
This method, known as local stability analysis,

has the benefits of being both extremely general
and able to analyze communities with large num-
bers of species. However, this approach is only
able to analyze whether viable communities are
stablewhen they are close to their equilibrium(37);
it provides no information on how communities
behave away from this equilibrium. We therefore
also develop a second new analysis, based on a
different method known as permanence analysis
(38) [method 2 (31)]. Permanence analysis is con-
sidered one of the most rigorous methods of
community analysis, but the numerical analysis of
permanencewas, until now, limited solely to pure-
ly competitive or exploitative communities. Therefore,
we expand traditional permanence methods here
to study the effects of cooperation. Although this
method is very different from local stability ana-
lysis, we find the sameprediction that cooperation
is destabilizing. However, as discussed in the sup-
plementary materials, positive feedbacks arising

from cooperative interactions can still constrain
this analysis such that it may underestimate the
number of permanent communities. Consequently,
wealsodevelopa thirdmethod—an individual-based
model—to evaluate the relationship between coop-
eration and ecological stability in amicrobial com-
munity [method 3 (31)]. Although it is less general
than theothermethods, our individual-basedmod-
el ismore explicit. It allowsus to follow thedynamics
of each species over time and to examine additional
factors, including explicit spatial structure that puts
an upper limit on the community size. This third
method again confirms our finding that cooper-
ation is destabilizing for the community (Fig. 2E).
The reason for the destabilizing effect of coop-

eration in our models is that cooperation causes
coupling between species and positive feedbacks.
This means that if, for example, one species de-
creases in abundance, it will tend to pull others
downwith it anddestabilize the system. It has been
hypothesized that cooperative and productive mi-
crobial communities are the reason for the marked
stability of the microbiome (23). However, even
though cooperationmeans that one species is help-
ing another to survive and replicate, and thusmight
facilitate colonization, this does not equate to sta-
bility, because cooperation can create dependency
and the potential formutual downfall. Under these
circumstances, therefore, our analyses suggest that
the host faces a trade-off: Though increased coop-
erationwithin communities is expected to promote
overall metabolic efficiency (3, 24, 25, 27), it comes
at the cost of decreasing ecological stability.

664 6 NOVEMBER 2015 • VOL 350 ISSUE 6261 sciencemag.org SCIENCE

Fig. 2. Cooperation reduces community stability. (A) Illustration of changing
the proportion of cooperative links in networks. Pm, proportion of cooperative in-
teractions. (B) Linear stability analysis (also see fig. S2). The plot at left shows
solutions for eigenvalue locations as a function of increasing cooperation (shown as
increasing redness).The largest value of the real components (x axis) determines
whether, and how fast, a return to equilibrium occurs (stability), whereas the
imaginarycomponents (yaxis)determine the frequencyofoscillations inpopulation
densities after perturbations (see Fig. 1).The solutions give the position of all eigen-
values in the form of an ellipse, with the exception of a single eigenvalue that
corresponds to the average rowsumof the interactionmatrix (representedbyadot
that may lie outside of the ellipse). Increasing cooperation increases the largest
eigenvalues; therefore, stability decreases. Solutions hold for any permutation of a
community network with a given parameter set [here S = 100, C = 0.7, –s = –1,

standarddeviations =0.05; seemethod 1b (31) forparametersweepsshowing that
cooperation is nearly always destabilizing]. Pc, proportion of competitive inter-
actions. Simulation results are plotted at right.This graph shows the proportion of
communities that are stable and confirms our analytic results. (C toE) The effect of
cooperation on community stability, shown with linear stability analysis [(C), also
shown in (B)], permanence analysis (D), and individual-based modeling (E). The
latter two methods are computationally expensive, which requires us to analyze
smaller networks than those studied with linear stability analysis (31). Parameters
shown here:S= 10,C=0.7,–s=–0.2, s =0.05 for 100 samples. Error bars indicate
SEM. (F) Dynamics of the individual-based model. Permanent communities
maintain all of their original species after a perturbation, even if species densities
do not return to their initial values. In nonpermanent communities, perturbations to
species densities will lead to the extinction of some or all species.
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MMinte is composed of 7 widgets that may be run sequentially or individually: 

Widget 1: Using information about pairs of operational taxonomic units (OTUs) 
that are associated to some degree and a list of 16S rDNA sequences for the 
OTUs in a particular community, a file is created containing only the sequences 
for representative OTUs significant to the analyses. 

Widget 2: The representative OTUs are identified and assigned a genome ID 
using BLAST2 and a local database containing the 16S rDNA sequences of 
species with whole genome sequences. 

Widget 3:  Metabolic models for each genome ID are reconstructed and gap-
filled using ModelSEED3 and downloaded to the user’s local machine. 

Widget 4:  Metabolic models of 2- species communities are created using 
COBRA Tools for the python computational framework (cobrapy)4.  

Widget 5: Under defined nutritional conditions, the growth rates of each species 
in isolation and when in the presence of another species in the community are 
estimated. 

Widget 6: The kinds of interactions occurring between the pairs of species on 
the nutritional conditions defined in Widget 5 are predicted. The interactions are 
either positive (commensalism, mutualism) or negative (parasitism, amensalism, 
competition)5. 

Widget 7: A network is plotted with D3.js6 using the initial information of 
associations between the pairs of OTUs provided by the used, and the kinds of 
interactions predicted to be occurring. 

Metabolic demands may determine the kinds 
of interactions that occur between organisms. 
When two organisms require the same 
compound to thrive, they may engage in 
competition. On the other hand, the product of 
metabolism may serve as a nutritional 
compound to another, allowing the 
establishment of cooperative interactions (a.1). 
 
Recent theoretical work1 suggests that 
communities where the majority of the 
organisms engage in competitive interactions 
are more stable, and thus more resistant to 
invasion by pathogens, than communities 
where the majority of the organisms engage in 
cooperative interactions (b. and c.1). 

Understanding which types of interactions occur between species in 
a microbial community can then help assess the susceptibility of that 

community to invasion by pathogens 

a. b. 

c. 

Complete Diet High Fat Diet 

The visual output from MMinte allows the user to have a global overview of the 
types of interactions occurring between pair of species in the community under 
different nutritional conditions. A Complete diet contains all the metabolites 
required by all organisms to grow, whereas more specific diets, such as the High 
Fat contain only the metabolites that are present in that particular kind of diet. 
The nodes represent the different OTUs present in a community. The shade 
intensity of the nodes indicates how closely related the species used to create 
the metabolic model was to the particular OTU. The length of the edges 
represents the initial measure of association between the OTUs (provided by the 
user), and the color of the edge represents the kind of interaction predicted to 
occur between the pair of OTUs being connected (red: cooperative; green: 
competitive gray: no interaction). 
Additional data is available in the table format for use as input in other data 
analysis tools. 

Mminte is composed of 7 widgets that can be used in sequence or individually. The 
user can input data and output results at the different steps of the analysis. 
The installation package can be found in https://github.com/mendessoares/Mminte. 

Widget 1 – Rep. OTU + OTU Cor. >  Working OTU Seq. 

Widget 2 - Working OTU Seq. > Genome ID 

Widget 3 - Genome ID > Met. Model ID 

Widget 4 - Met. Model ID > 2-species Com. Model 

Widget 5 - 2-Species Com. Model > Growth Rates 

Widget 6 - Growth Rates > Species Interactions 

Widget 7 - Species Interactions > Inter. Network 
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H. Mendes-Soares et all., (2016) BMC Bioinformatics;  M. Benedict et al., (2014) PLOS CompBio; Sung et al., (2017) Nat. Comm. 
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F. nucleatum as a biomarker, but no ecological role—
neither an ecological driver or driven by ecology!



Conclusion
• After correcting for BMI, age, sex, and location, dMMR and pMMR

CRC have very different microbial associations!
• Different microbes means different metabolic and ecological roles in 

CRC etiology!
• F. nucleatum is a dMMR CRC-specific biomarker, but not a driver. 



Chia Lab +Jaeyun Sung
+Heidi Nelson
+Jun Chen
+David Ahlquist
+David Larson
+Mai Petterson
+Kelly Lyke
+Janet Yao
+FSL Pathology
+Tumpa Dutta
+Gary Keeney

Bryan White
Nigel Goldenfeld
Jason Ridlon
Rex Gaskins

Ran Blekman
Sambhawa Priya
Kenneth Beckman
Daryl Gohl

Vanessa Hale

Patricio
Jeraldo

+Lisa Boardman
+Stephen Thibodeau

Christian Diener
Osbaldo Resendis-Antonio

Minsuk
Kim

Graduating:
Charlie Seto

FUNDED BY:


