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Abstract. Microorganisms abound everywhere. Though we know they
play key roles in several ecosystems, too little is known about how these
complex communities work. To act as a community they must interact
with each other in order to achieve such community stability in which
proper functions allows the microbial community to adapt in complex
environment conditions. Thus, to effectively understand microbial ge-
netic networks one needs to explore them by means of a systems biology
approach. The proposed approach extends the metagenomic gene-centric
view by taking into account the set of genes present in a metagenome and
also the complex links of interactions among these genes and by treating
the microbiome as a single biological system. In this paper, we present
the FUNN-MG computational framework to explore functional modules
in microbial genetic networks.
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1 Introduction

Microorganisms abound in every part of the biosphere including soil, hot springs,
on the ocean floor, high in the atmosphere, deep inside rocks within the Earth’s
crust and in human tissues. They are extremely adaptable to conditions where
no one else could be able to survive.

Their adaptability is mainly due to the fact that they live in complex commu-
nities. Interactions inside the microbial networks plays essential functions for the
maintenance and survival of the community. Unfortunately, too little is known
about microbial interactions.

In this sense, the metagenomic analysis conducts studies from of material
extracted directly from the environment has been developed in order to extract



knowledge from this interaction. The metagenomic sequence process poses chal-
lenges that could be handled by the utilization of Machine Learning (ML) tech-
niques. In fact, ML has been applied succesfully in several genomics problems.
In the context of functional analysis it can provide new ways to explore graphs
by using robust statistics, dealing with uncertainty in the data and boosting the
search for "hot spots" in large microbial genetic networks.

In this work we propose a computational framework to evaluate functional
modules in microbial genetic networks. A weighted graph is built with its ba-
sis on the genes and pathways properly induced from the relative abundance of
the metabolic pathways enriched by the associated metagenomic data. Adition-
aly, non-supervised ML is applied to enumerate network modules (clusters) of
microbial genes presenting strong evidence of both interaction and functional
enrichment.

The main contribution of the proposed strategy are:
– A systems biology approach for functional enrichment analysis of metagenomes;
– A visual analytics system to explore interactively the enriched metabolic

pathways in microbial genetic networks;
– the FUNN-MG computational framework for the identification of network

modules having strong functional enrichment in experimental metagenomic
data.

2 Metagenomic pathway-centric network analysis
Metagenomic data analysis is a complex analytical tasks in both biological and
computational senses. To help visualize the processes involved between species
found in metagenomic samples and decrease the complexity of the analyzes,
in this work we propose the FUNN-MG computational framework (Figure 1)
which provides a functional and visual analytic system for the identification and
exploration of the 𝑘𝑒𝑦 functions of a microbial community. The FUNN-MG is
acronym for FunctioNal Network Analysis of Metagenomics Data.

The proposed strategy has four main tasks (the rounded rectangles in Fig-
ure 1) that must be executed sequentially: i) identification of the metabolic
pathways, ii) statistical evaluation of the enriched pathways, iii) detection of
strong modules (clusters) and iv) visualization of the microbial gene-pathway
network. The first three steps are related to the ML part of the strategy while
the remaining step deals with the visual analytics of the graph patterns extracted
in the previous steps. Next section we discuss each one of these steps, leaving
one particular section to the visualization strategy.

3 Materials and Methods
3.1 The metagenomic experimental data
The metagenomic data selected for our experimental study is the Acid Mine
Drainage (AMD) biofilm [1], freely available at the site of NCBI1. This biofilm
1 http://www.ncbi.nlm.nih.gov/books/NBK6860/



Fig. 1. Metagenomic pathway-centric network approach for functional and visual an-
alytics of microbial communities.

sequencing project was designed to explore the distribution and diversity of
metabolic pathways in acidophilic biofilms. Acidophilic biofilms are self-sustaining
communities that grow in the deep subsurface and receive no significant inputs
of fixed carbon or nitrogen from external sources. More information regarding
the AMD study as well as environmental sequences, metadata and analysis can
be obtained at [2].

3.2 Preprocessing of the metagenomic sequences

We have used the KAAS tool [3] for the identification of 477 microbial genes
divided into six different species (Figure 2). This identification was based on
the nucleotide similarity of the groups of orthologous genes found in the KEGG
database [4].

The search for microbial genes was carried out in several steps. First, iden-
tify the species corresponding in the KEGG database [2] (dendogram Figure 2).
Thereafter, KAAS tool was employed and some analysis were performed se-
quentially in four steps: i) finding groups of orthologous genes, ii) identification
of associated species in KEGG, iii) obtaining functional annotation in KEGG
database, iv) Eliminating duplicated genes. All the steps above were executed
for all reference species in the AMD sample, taking into account its associated
target species in the KEGG database.

3.3 Identifying metabolic pathways

The “𝐾𝐸𝐺𝐺𝑅𝐸𝑆𝑇” 𝑅 package [5] was applied using as reference the list of 477
genes identified, highlighting 95 pathways for the AMD metagenome. Though
at this step we cannot assume any strong evidence of functional enrichment
regarding to the genes identified.



Fig. 2. The dendrogram on the top highlights the association between species in the
AMD metagenome and its target species in the KEGG database. In the bottom, a pie
chart of the distribution of the 477 genes identified.

3.4 Functional enrichment analysis

To calculate the functional enrichment of metabolic pathways we apply Fisher’s
exact test2. The main challenge in evaluating the enrichment of a metabolic
pathways is the calculation of the probability of finding species covered on each
pathway across samples, given that, eventually, only a selected group of species
will have an associated pathway. This is also due to the fact that species play
distinct roles in the microbial community.

Gene associated
with a pathway

Gene not associated
with a pathway

Total
gene

Sample a
(6)

b
(364)

a+b
(370)

Population c
(15)

d
(2768)

c+d
(2783)

Total in KEGG a+c
(21)

b+d
(3132)

n
(3153)

Table 1. The contigency table of the Glutathione metabolism pathway which is required
for the calculation of the enrichment score.

As an example, the metabolic pathway Glutathione metabolism is anno-
tated for five out of six species identified in the samples: Ferroplasma acidar-
manus, Leptospirillum ferrooxidans, Leptospirillum ferriphilum, Thermoplasma
acidophilum e Thermoplasma volcanium. So, KEGGREST will only take into
account these five species for the enrichment score (Fisher’s exact test).

2 http://en.wikipedia.org/wiki/Fishers_exact_test



In Table 1 we present the contigency table required to calculate the enrich-
ment of the Glutathione metabolism pathway with respect to the microbial genes
found in the samples and its corresponding annotations in KEGG. Having this
table, we use the 𝑝ℎ𝑦𝑝𝑒𝑟 function in the “𝑠𝑡𝑎𝑡𝑠” 𝑅 package for the enrichment
score, followed by a test of significance using the “Firsher’s exact test for count
data” 𝑅 package. Finally, we obtained an enrichment score of 0.0077 (p-value =
0.0292) for the the 𝐺𝑙𝑢𝑡𝑎𝑡ℎ𝑖𝑜𝑛𝑒𝑚𝑒𝑡𝑎𝑏𝑜𝑙𝑖𝑠𝑚 pathway.

After completing the functional analysis for the 95 metabolic pathways, we
obtained a list with only 11 enriched pathways (p-value ≤ 0.05) corresponding
to 329 genes.

3.5 Finding gene clusters

Once identified the set of significant pathways in the sample, we explore func-
tional modules presenting strong gene interactions by the utilization of a bipar-
tite graph structure 𝑀𝐺𝑃 = (𝐺, 𝑃, 𝐸). We called this bipartite graph Microbial
Gene Pathway (Figure 3. a). 𝑀𝐺𝑃 vertices are divided into two disjoint sets

Fig. 3. a) The 𝑀𝐺𝑃 bipartite graph with (𝐺)enes and (𝑃 )athways . b) the associated
community matrix with the gene-to-gene interaction augmented with the enrichment
score.

(𝐺)enes and (𝑃 )athways, such that every edge (𝐸) connects a vertex in (𝐺) to
one in (𝑃 ). The enrichment score is annotated in each vertice (𝑃 ).

The structural graph clustering uses a community matrix (Figure 3.b) based
on the genes and its enriched pathways represented in 𝑀𝐺𝑃 . The community
matrix observes three main aspects regarding gene-to-gene interactions: the ex-
istence of one or more metabolic pathways shared by the genes, the amount of
metabolic pathways in which genes play, and the enrichment score associated to
each metabolic pathway.

The 𝑀𝐺𝑃 bi-partite graph is an interesting computational structure for both
the application of ML techniques and interactive visualization of the microbial
genetic network [6]. The community patterns are obtained directly through the
utilization of a hierarchical clustering (hclust() R function) technique over the
community matrix.



Hierarchical complete clustering solution requires an euclidean distance ma-
trix that can be built directly through the community matrix. Given that we
were looking for compact clusters we decided to use the cutting result obtained
with the Dynamic hybrid approach through the Dynamic Tree Cut library for
R3. Thus, 9 clusters and 10 nested subclusters were enumerated. All clusters
have the prefix “NT" followed by a sequential number.

Fig. 4. The representation of the community patterns as clusters (NT1, NT3) and sub-
clusters (NT2, NT4). At the right the expanded subnetwork corresponding to elements
clustered in NT4.

In summary, 308 genes were clustered, corresponding to 96.61% of the en-
riched pathways related to AMD biofilm. These clusters enclose on average 30
genes, having 6 genes in the most compact cluster and 128 in the largest one.
The Figure 4 shows the interaction between two clusters (NT1 and NT3) and
subgroups (NT2 and NT4) identified.

4 Results and discussion

4.1 Visual analytics system

The 𝑀𝐺𝑃 bipartite graph fits properly the graph structure required for visual-
ization through the 𝑅𝑒𝑑𝑒𝑅 𝑅 package. This network visualization system allows
several interactive and graph functions such as: zoom, pan, neighborhood high-
lighting, search, flows, etc. An example of the structural visualization of the
enriched Microbial Gene Pathway is presented in Figure 5. The visualization
model allows the identification of genes across species and pathways, depicted
in distinct colors. It is also possible to explore the degree of connectivity by
inspecting the size of the vertices; key players are identified by neighborhood
highlighting while clicking on a particular node in the graph network.

3 http://labs.genetics.ucla.edu/horvath/CoexpressionNetwork/BranchCutting/



Fig. 5. The enriched Microbial Gene Pathway Network. At the bottom left the legend
of the species and associated pathways are represented. Nodes (circles) are related to
either species genes or pathways. At the upper left the degree connectivity scale of
all nodes. The nodes in highlighting (yellow) are all genes associated to the Carbon
metabolism pathway (direct orange arrow).



5 Conclusions

The enrichment analysis of microbial genetic networks is an open computational
challenge. The enumeration of all gene-to-gene interaction of a microbial com-
munity is not practical, therefore pathway-centric analysis sound a promising
strategy to smooth this combinatorial aspect of this problem.

We have presented the FUNN-MG computational framework for functional
and visual analytics of metagenomes by focusing the enrichment analysis on
the identification of community patterns. This strategy has it basis on non-
supervised machine learning over a bipartite graph properly built to evaluate
the enriched microbial gene pathways. Community patterns are carefully ex-
tracted by evaluating strong interactions among gene species sharing the most
significant enriched pathways. Once all the topological network aspects are un-
derstood for a particular metagenome, we envisage the possibility of using such
community profiles for metagenome comparison as well as classification of un-
known microbial genetic network.
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