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Abstract: Mining interspecies interactions remain a challenge due to the complex nature of micro-
bial communities and the need for computational power to handle big data. Our meta-analysis in-
dicates that genetic potential alone does not resolve all issues involving mining of microbial inter-
actions. Nevertheless, it can be used to define the building blocks to infer synergistic interspecies
interactions and to limit the search space (i.e., number of species and metabolic reactions) to a man-
ageable size. A reduced search space decreases the number of additional experiments necessary to
validate the inferred putative interactions. As validation experiments, we examine how multi-omics
and state of the art imaging techniques may further improve our understanding of species interac-
tions’ role in ecosystem processes. Finally, we analyze pros and cons from the current methods to
infer microbial interactions from genetic potential and propose a new theoretical framework based
on: (i) genomic information of key members of a community; (ii) information of ecosystem processes
involved with a specific hypothesis or research question; (iii) the ability to identify putative species’
contributions to ecosystem processes of interest; and, (iv) validation of putative microbial interac-
tions through integration of other data sources.
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1. Introduction

In this review, we will discuss a roadmap to mine inter-species interactions in micro-
bial communities. To define this roadmap, we will use ecosystem processes as the unity
from which to mine them. Here, we define an ecosystem process as a specific set of meta-
bolic functions involved in a microbial process; for example, benzoate degradation or in
nitrification. We use ecosystem process as the unit to explore microbial interactions in
order to limit microbial community richness to a manageable scale [1]. Currently, a mech-
anistic understanding of microbial interactions lies on known connections among genes,
protein, reactions and their participation in an ecosystem process. Hence, we focus on the
synergistic inter-species interactions as these can be directly linked to ecosystem pro-
cesses. Nevertheless, predicting antagonistic or competitive interactions may be achieved
by the inclusion of information such as enzyme kinetics and or metabolic fluxes [2] in-
volved in these interactions.

2. Synergistic interspecies interactions drive ecosystem processes
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In nature, microbes do not exist in solitude but rather as members of complex com-
munities [3]. Synergistic interspecies interactions play an essential role in ecosystems by
either improving adaptation of microbial communities to their habitats or allowing mi-
croorganisms to survive in environments for which they lack the complete metabolic ca-
pacity [4]. The type and degree of changes in physicochemical conditions of ecosystems
such as the addition of chemicals affect ecosystem processes but also determine how mi-
crobial communities respond to those alterations. Species-level functional profiling of
(meta)genomes is already possible by providing coverage and abundance estimates on
individual pathways across microbial communities as well as for individual species [5].
Expanding this approach to ecosystem processes would generate data allowing the defi-
nition of groups of species that cover a full ecosystem process. One first step to determine
microbial interactions that are affected by environmental changes (e.g., the introduction
of chemicals or temperature shifts) and their relationship to ecosystem functioning relies
on the identification and characterization of the constituents of microbial communities as
well as their functional potential [6].

The concept of “everything is everywhere, but the environment selects” proposed by
Baas Becking in 1934 [7] for microbial community assembly has gathered much debate as
reviewed by Peter Girguis [8]. Extrapolating this concept to the functional potential (i.e.,
the complete set of functions) of species, however, is not straightforward. While for core
functions such as glucogenesis, the idea that they are genetically widespread in all micro-
organisms might seem plausible, this is not true for every ecosystem process. For example,
methanotrophic bacteria [9] and certain filamentous fungi [6] possess genes that encode a
key enzyme in methane degradation — methane monooxygenase — not present in other
microorganisms.

Microbial communities will be able to address changing environmental conditions
(e.g., introduction of chemicals/substrates, shift in temperature and change in pH) if their
combined functional potential encompasses the set of metabolic functions required to
handle these changes. Here, functional profile is defined as a subset of metabolic functions
from the complete functional pool that are needed for a given ecosystem process (defini-
tion adapted from Oh and collaborators [10]). The functional profile can be achieved due
to action of single microbes if they are able to solely perform the set of metabolic functions
for the required ecosystem process. Alternatively, this functional profile be achieved by
the interaction between two or more species (e.g., acquisition of antibiotic resistance genes
via horizontal gene transfer [11], production of secondary metabolites [12] or cross-feed-
ing [13]). It is likely that microbial communities with higher species richness will have a
higher number of unique functional traits due to the individual species’ metabolic poten-
tial or as the result of the combined metabolic capabilities of multiple species that arises
from interspecies interactions. Additionally, microbial community functional potential
and functional redundancy is positively correlated with species richness [14]. Fetzer and
collaborators [14] also showed that environmental conditions influenced the type and
number of microbial interactions (Figure 1). Therefore, more studies characterizing micro-
bial interaction that drive ecosystem processes are necessary as they link microbial diver-
sity and ecosystem function responses to a changing environment [9,14].
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Figure 1 — Interplay between microbial community size, functional potential and interspecies interactions. Functional richness
and redundancy increase with microbial community richness. Three microbial communities (A) are represented with different
levels of species richness (i, if and iii), i.e. different number of unique species (represented by a geometric shape). Each species is
capable of performing a number of functions that are represented by a specific color (B). For example, community 7 is composed
by two species each capable of performing two different sets of functions. The number of unique functions illustrates the func-
tional richness of each microbial community. Functional redundancy is determined by the number of microbes with the genetic
potential to perform the same function. Thus, an increase in the number of unique species is more likely to result in an increase
of the functional redundancy (B1) and richness (B2) of a microbial community. For example, from community ii to community
iii there is an increase of two species and one unique function but the number of species capable of performing multiple functions
(i.e., functional redundancy) also doubled for four functions: orange, yellow, blue and red. Furthermore, the combinations of
interspecies interactions (C) is not only dependent on the individual microorganism’s genetic potential but also determined by
the environmental conditions. For example, growth in Environment 1 requires a microbe’s ability to perform two functions (blue
and yellow) while for Environment 2 three functions are required (orange, blue and red). Although not a linear relationship, the
higher the number of species in a microbial community, the higher the probability of an increased number of interspecies inter-
actions (as long as the genetic potential is present).
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2.1. From where will one extract the genomes to explore microbial interactions?

Currently, advances in single cell sequencing [15], recovery of metagenome assem-
bled genomes [16,17] and advanced cultivation strategies [18] enormously increased the
power to identify species and their genomes from natural environments such as soils or
deep subsurface. Still, datasets generated from high-throughput sequencing are limited in
their ability to provide absolute abundances of species in a microbial community and thus
only provide a relative proportion of species [19]. Nevertheless, it has been speculated
that, in the near future, it will be possible to obtain the genomic information from all spe-
cies in complex microbial communities [20] thus overcoming one of the bottlenecks in
predicting interspecies interactions. Moreover, these approaches have allowed us to
gather information on species relative abundance, phylogeny and function [21]. The in-
crease in computational power and advances in sequencing technologies also provides a
favorable environment to produce tools and to generate and analyze data in a timewise
manner leading to faster and more reliable data mining [22]. These improvements allow
the prediction of species interactions and estimation of their functional contribution to
ecosystem processes in natural environments, as demonstrated by Kirwan et al. [23]. In
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the next section, we will discuss advantages and limitations of current approaches to pre-
dict interspecies interactions and strategies to overcome them.

3. Current approaches to predict microbial community functional profiles and inter-
species interactions

As stated in the previous section, the functional potential of microbial communities
might shed light on potential synergistic interspecies interactions. Several modeling ap-
proaches have been proposed to predict microbial community functional profiles [24].
Here, we focus on approaches that take advantage of (meta)genomic data and represent
microbial activity in the context of metabolic networks [25] as well as their suitability to
infer synergistic interspecies interactions. Three main concepts have been proposed which
differ in the level of detail in which they represent the metabolic activity in microbial com-
munities: the supra-organism approach, the population-based approach and the guild ap-
proach.

3.1. The supra-organism approach

In the supra-organism approach [2], a community is considered as a singular organ-
ism and the phylogenetic origin of individual enzymes detected to be present in the com-
munity is neglected. Based on metagenomic data, a global metabolic network of enzymat-
ically catalyzed reactions is constructed what allows for the prediction of shifts in path-
way activity when comparing two samples. For example, pathway activity has been in-
ferred in gut metagenomes [26] by calculating gene relative abundance in each individual
sample. The supra-organism approach considers interactions between genes (or the re-
spective reactions their enzymes catalyze) rather than between species. This allows the
comparison of the functional profiles of microbial communities as whole. However, these
models do not allow the prediction of interspecies interactions since the contribution of
individual species to any metabolic function is not determined.

3.2. The population-based approach

In contrast to the supra-organism approach, species boundaries are explicitly consid-
ered in population-based approaches [27]. Here, community members are represented by
independent species in the model. These models are especially suited for the analysis of
individual species’ functional profile and have been extensively used in metabolic net-
work reconstruction of single genomes [25,28,29]. Furthermore, this approach allows for
the inclusion of direct metabolic interactions between community members. The inference
of interspecies interactions is possible under this approach since the metabolic contribu-
tion of each species to ecosystem processes can be mapped to their genome. However,
generating genome-scale metabolic models for all species in a community as well as esti-
mating features such as biomass composition remain challenging [30,31].

3.3. The guild-based approach

In the guild-based approach [32], microbial species performing the same metabolic
function(s) are grouped together and they are represented by a unique entity in the model,
reducing model complexity at the expense of individual species resolution. This approach
has been used in ordinary differential equation-based modeling [33] and can be expanded
to metabolic network-based approaches [34]. The guild approach is useful when microor-
ganisms are known to possess similar functional traits (e.g. similar methods of organic
matter decomposition [35]). However, similar to the supra-organism approach, predicting
interspecies interactions in these models is hampered by their inability to identify the con-
tribution of individual species to ecosystem processes [2].

Besides the supra-organism, population-based and guild-based approaches, statisti-
cal methods such as Pearson’s and Spearman’s correlation may assist in the identification
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of interspecies interactions. These methods identify significant relationships by correlat-
ing the taxon abundance within microbial communities [36]. However, correlating abun-
dance does not provide information on the underlying mechanisms by which microbes
potentially interact. Furthermore, the vast amount of putative interspecies interactions
would also require intensive experimental validation.

3.4. Advantages and limitation of current approaches mining microbial interactions

As described in subsections 3.1, 3.2 and 3.3, the current approaches used to mine mi-
crobial interactions rely on links among genes, enzymes and metabolic reactions. The
main limitations and advantages of the different approaches can be found in Table 1. Fur-
ther, the computational and manual curation efforts in model generation varies strongly
as well as the level of detail at which predictions are generated. The supra-organism ap-
proach requires the least effort, but only allows for the prediction of general changes in
pathways when comparing different samples. Population-based approaches deliver the
most detailed quantitative predictions down to intracellular metabolic fluxes of individ-
ual species, but requires substantial efforts in model generation. These include the gener-
ation of genome-scale models and definition of the biomass equation for each community
member [37]. Although an ever-increasing number of models become available and semi-
automatic pipelines support the generation of novel genome-scale metabolic models, this
step often remains difficult to perform. The determination of model parameters regarding
cellular maintenance requirements and uptake kinetics are examples of these difficulties.
Furthermore, genome scale-based approaches require additional types of data such as
transcriptomics, metabolomics and proteomics to validate their results. The inclusion of
additional data types would provide information on gene regulation and structure of mi-
crobial communities and possibly a link to ecosystem processes. In addition, computa-
tional challenges (e.g., random access memory requirements and time) arise in the predic-
tion of putative interspecies interactions together with the increase of species and path-
ways studied (Equation 1). For example, for a community of 35 species and a set of 3 re-
actions, a total of 6545 combinations are possible. A 10-fold increase in the number of spe-
cies (350) will result in 7084700 possible combinations. Expanding the number of reactions
to five will yield more than 42 billion possible combinations.

n!

Ce(n) = m (Eq.1)

where, 1 is the number of species, k is the number of reactions and C is the number
of possible combinations.

Hence, the main limitations to mine microbial interactions can be summarized as:
o Identification of all species in a community;
e Incomplete functional annotation of genomes;
e Data integration and experimental validation; and
e  Exponential increase of search space with relatively small increase of number
of species or pathway size.

In the next section we discuss the knowns and unknowns in microbial interaction
studies through a literature meta-analysis.
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Table 1 - Pros and cons of current modelling approaches to predict microbial interactions, environments where the selected approaches have been used and re-
spective references.

Approach Pros Cons Environments References
Supra-organism Global reaction network is possi-  Genetic potential of individual spe- Anaerobic mixed culture [38]
ble and allows for prediction of cies not determined. fermentations

shifts in pathway activity by

. ) Contribution of individual species to
measuring gene relative abun-

shifts in pathway activity not deter- Agricultural soil and seep [39]

dance. . L . sea “whale fall” carcasses
mined since interactions are based on
genes/reactions.
Population-based Species boundaries explicitly de- ~ High computational and manual cu- Corals [40]
fined. ration efforts since full genome-scale

Individual species functional po-  metabolic models for each species is
tential can be determined. required. Anoxic sediments [41]
Allows determining direct meta-
bolic interactions between spe-

cies. Batch and Continuous cul- [42]
tures
Synthetic microbial sys- [43]
tems
Guild-based Less complex models since Requires previous knowledge on Soil [44,45]
grouping of species is based on functional traits.

their k functional traits. . I .
eirknown fuhchiohat traits Individual contribution of species to

ecosystem processes is unknown.
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4. Beyond genetic potential: drawing a strategy to mine and validate microbial interac-
tions

Based on the analysis discussed in sections 3.3 and 3.4, a road to mine microbial in-
teractions lies in the exploration of the genetic potential involved in specific ecosystem
processes. Therefore, we suggest dividing mining of microbial interactions into smaller
blocks of information generated from (meta)genomic data. Thus, inference of synergistic
interspecies interactions would be determined based on the combined functional potential
of all species in a microbial community similar to the study by Jiménez and collaborators
[46]. Nevertheless, our meta-analysis indicates that to validate putative microbial interac-
tions extra data is needed (see item 4.1).

Further, we postulate that prior to identifying microbial interaction it is relevant to
focus on specific ecosystem processes. Therefore, estimating the contribution of microbes
to ecosystem processes could be determined by looking at its genomic content as long as
the connections between genes, proteins and reactions involved in said ecosystem process
are known. The identification of a subset of species in a microbial community with the
potential, even partial, to participate in an ecosystem process reduces the search space of
putative microbial interactions. As discussed in Section 3.4, the reduced search space will
make mining relevant inter-species interactions feasible in microbial communities.

In summary, the study of microbial communities is challenging due to our limited
capacity to identify all members of a community, to connect genes to proteins and reac-
tions, and to determine species interactions. Hence, a step forward in mining microbial
interactions would include: (A) genomic information of all (or key) members of a commu-
nity; (B) information of ecosystem processes involved with a specific hypothesis or re-
search question; (C, D) the ability to identify putative species’ contributions to ecosystem
processes of interest; and, (G) validation of putative microbial interactions through inte-
gration of other data sources (F). In section 4.1, we discuss different strategies to validate
putative microbial interactions. In section 4.2, we describe a hypothetical workflow in-
cluding the mapping of specific ecosystem processes in different member of a microbial
community and the validation of putative microbial interactions.

4.1. Validation of putative microbial interaction through integration of different data sources

High throughput sequencing has illuminated the black box of microbial diversity.
Metagenomics provided an insight into the functional potential of microbial communities
without the necessity of cultivating and characterizing thousands of isolates [47,48].
Therefore, metagenomics might provide information on the links between the genetic dif-
ferences within species and their effects on hosts or adaptability to novel environmental
conditions [49]. However, current approaches focusing on predictions of gene functions
based on (meta)genomes have four major drawbacks, extensively reviewed by Prosser
[50]. First, genetic potential studies may assume that gene presence is directly linked to
function [51]. Second, microbial communities are three-dimensional structures that play a
crucial role in ecosystem functioning and are not directly assessed by gene presence [52].
Third, different levels of protein activity can be found in different species or among pop-
ulations of the same species due to transcriptional or post-translational modifications [53].
Forth, temporal and spatial variability of environmental conditions and community dy-
namics need to be accounted for when demonstrating microbial interactions [50]. Based
on these four limitations, the next four paragraphs discuss strategies that can be added to
genetic potential to validate microbial interactions.

Assumption that gene presence is directly linked to function. The presence of genetic po-
tential to perform an ecosystem process does not guarantee this process is active [54].
Doolitle and Zhaxybayeva [55] and later Jansson and Hofmockel [56] suggested the inves-
tigation of the metaphenome to better understand the functions that are carried out by the
active microbial communities under given environmental conditions. The metaphenome
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considers both microbial functions encoded in the metagenome and biotic and abiotic fac-
tors influencing the activity of community members. Thus, it encompasses not only
(meta)genomics but also (meta)transcriptomics, (meta)proteomics, metabolomics and fac-
tors such as gene silencing.

Spatial (three dimensional) structure of microbial communities. The three-dimensional
structure plays an important role in interspecies interactions [57]. Species are not homo-
geneously distributed within microbial communities but rather structured based on their
relationships with each other [58] and are shaped by their metabolic and physiological
needs. For example, in biofilms found in suburban bath surfaces such as marble and plas-
ter, growth and microbial community structure are influenced by their susceptibility to
light [59]. Heterotrophic microorganisms adapted to dark were mostly found in plaster
while low-light adapted microbes were found in mortar [59]. Further, in wastewater treat-
ment plants granular sludges presented different growth requirements, community struc-
ture and microbial relationships dependent on nitrogen and phosphorous availability
[60]. Methods to determine the 3D structure of microbial communities include protein
structures [61] and advanced microscopy [57].

Different levels of protein activity within species or populations. For an ecosystem process
to be active the required genes need to be translated, transcribed and encounter favorable
environmental conditions. In cases where the focus is to understand the effect or fate of
specific compounds on different ecosystem processes stable isotope probing can be used
to trace their transformation and turnover within the different members of a community.
Methods such as stable isotope labelling metagenomics [62], metatranscriptomics [63],
metaproteomics [64,65] or metabolomics [66] could serve as validation strategies by illus-
trating metabolite fluxes through groups of predicted interspecies interactions. Other
methods such as co-culture experiments could also be employed to validate predicted in-
ter-species interactions [36]. Stable Isotope Probing has also been coupled with NanoSIMS
imaging and fluorescent in situ hybridization (FISH) to identify microbial interactions
based on the flux of labelled isotopes between microbes [67].

Temporal variability. It is widely known that microbial communities do not vary only
in space but also in time; as deeply studied by the Earth Microbiome Project [68], the NIH
Human Project [69] and Tara Oceans [70] among others. A major drawback from most, if
not all, techniques to profile microbial communities is that they are based on snapshots of
a given community for that specific technique [71]. The distribution of organisms and their
functions are not homogeneous and species interactions are not constant in time due to
abiotic forces and adaptive mechanisms [72-74]. Therefore, to validate patters of microbial
interactions one need not only to follow the community over time, but also to have appro-
priate number of samples in time and space [66,75]. Finally, the time frame for collection
of samples and numbers of biological replicates will depend on the biodiversity of a give
ecosystem and how dynamic the given process is [76].

When designing strategies to validate microbial interactions, it is necessary to keep
in mind that different methods will encompass different limitations and potential level of
detail regarding inter-species microbial interactions (Table 2). For example, studies em-
ploying 16S rRNA gene sequencing provide an estimate of the phylogeny of the different
species in a microbial community but not their functional potential. Predicting inter-spe-
cies interactions based on the microbial community’s combined functional potential is in
this case not possible. Metabolic network reconstruction of individual genomes from en-
vironmental samples can provide substantial detail on the metabolic capabilities of indi-
vidual species and potential metabolic exchanges. However, the high computational and
physiological and chemical information requirements (e.g. biomass equation, reaction re-
versibility, ATP) to generate reliable genome-scale metabolic networks for such complex
environments are seeming difficult.
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Table 2 — Outcomes and limitations of different methods to study microbial interactions. We assigned four validation strategies to confirm microbial interaction as
following: (1) Expression or activity assays (e.g. transcriptomics, proteomics, metabolomics, RT-PCR, FBA); (2) 3D structure and spatial variability; (3) Substrate

specificity; and, (4) Temporal variability.

Outcome Limitations Methods Environment Validation Ref .
1 2 3 4
Improvement in the ¢ Lack of mechanistic understand- e Combination of MALDI-TOF o Kimchi v x x v [77]
identification of ing of species interactions. MSP analysis and high-through-
microbial community put sequencing 165 rRNA«.
species. ¢ 165 rRNA gen sequencing. ¢ Human oral environments x 4 x [78]
Demonstration of the High computational and data re- ¢ Metagenomics, metabolic net- ¢ Anaerobic digestion mi- v X v [79]
influence of abiotic quirements for reconstruction of work reconstruction and FBA¢. crobiomes
factors on microbial individual metabolic models.
community dynamics.
Lack of mechanistic understand- e PLS-PMe ¢ Rice soil rhizosphere x x [80]
ing of species interactions. ¢ 16S rRNA gene sequencing. e Urban and forest park soil x x [81]
litter layers
e In vivo experiment of meadow e Topsoil v v x [82]
steppe soil under different pre-
cipitation regimes.
High computational and data re- e Metabolic network reconstruc- o Acid-sulfate-chloride v x v [83]

quirements for reconstruction of
individual metabolic models .and
Complex wet-lab experiments re-

quired for validation.

tion, EFMf and FBA.

springs
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Table 2 — continuation.

Outcome Limitations Methods Environment Validation Ref.2
1 2 3 4

Demonstration of the e Lack of mechanistic e Co-culture of isolates, RNA-Seq¢ e Wine fermentation v x x v [84]
influence of interspecies understanding of species and RT-PCRh.
interactions on microbial interactions. e qPCR!and 16S rRNA gene o Mixed bacterial consortia 4 x x 4 [85]
community dynamics. sequencing.
Improved mechanistic o Complex wet-lab experiments o SIP and Metagenomics.  Continuous up-flow v x v v [86]
understanding of required for validation. anaerobic sludge blanket
interspecies interactions. reactors

e Pure and co-cultures and cyclic e Palm oil mill effluent x x v v [87]

voltammetry analysis.

e High computational and data e Mono- and co-culture, metabolic e In silicon experiments v x v v [88]
requirements for reconstruction of network reconstruction, with pure and co-culture
individual metabolic models. bipartite graphs, HPLCk, CGQ),
GC-MSm; SIP.
e Metabolic network e In silicon experiments 4 x v x [27]
reconstruction and cFBA™. pure cultures
e Metabolic network e In silicon experiments v x x x [89]
reconstruction, evolutionary pure cultures
game theory and FBA.
e Metagenomics, e Synthetic human gut 4 4 x x [5]
Metatranscriptomics.

2 Ref., numbers in between brackets represent references for the different studies; ® MALDI-TOF: matrix-assisted laser desorption/ionization; < rRNA: Ribosomal ribonucleic acid; 9
FBA: Flux Balance Analysis; ¢ PLS-PM: Partial least squares - path model; f EFM: elementary flux mode; 8 RNA-Seq: Ribonucleic acid sequencing; " RT-qPCR: Real Time quantitative
polymerase chain reaction; | gPCR: Quantitative polymerase chain reaction; i SIP: stable isotope probing; ¥ HPLC: High-performance liquid chromatography; ! CGQ: cell growth

quantifier; ™ GC-MS: Gas chromatography mass spectrometry; * cFBA: Community Flux Balance Analysis.
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The influence of species on the growth of other community members can also be
inferred from co- and mixed-culture experiments by comparing to their growth to pure
cultures. However, understanding the mechanisms by which species interact requires
additional data from complex wet-lab experiments such as stable isotope labelling. A last
bottleneck to the validation of interspecies interactions in complex environments is our
inability to grow most species in the laboratory [90]. Hence, only a small number of species
interactions can be experimentally validated without highly-complex wet-lab procedures.

4.2. From mining to validation: a workflow to identify mechanisms underlying microbial
interactions

In this review, we indicate that defining putative interspecies interactions based
solely on genomic potential is only the first piece of the puzzle in gaining a greater in-
depth understanding of microbial interactions. Additional information from other data
sources and experiments are required (Section 4.1). In this section, we discuss a workflow
for iterative mining of microbial interactions by integrating in silico approaches and
experimental validation using a thought experiment. In this thought experiment, we use
a hypothetical microbial community composed of four species and a hypothetical
ecosystem process composed of seven enzymatic reactions (Figure 2). We also assume
these reactions require the presence of seven single protein-encoding genes and five
protein-encoding genes that participate in the formation of two protein complexes (as you
may have multiple proteins involved in the same reaction).

First, it is necessary to obtain the genomes of all or key members of the microbial
community (Figure 2A). Second, a set of genes are selected that represent the reactions
involved in the pathway of interest (Figure 2B). Third, genome annotation is performed
using only the set of genes defined in the second step (Figure 2C). Fourth, the genetic
potential of each species is mapped to the pathway of interest (Figure 2D). This mapping
allows to determine which species or groups of species possess the genetic potential for
all reactions in the pathway of interest (Figure E). Next, additional types of data are
integrated in the analysis to validate putative species interactions (Figure 2F). Among
others, these can include multi-omics data, such as: (i) (meta)transcriptomics (gene
expression), (meta)proteomics (protein expression) and metabolomics (measurement of
metabolite production); (ii) three-dimensional structure of the microbial community; (iii)
protein abundances measured through stable isotope labelling; (iv) species growth
profiles; and, (v) literature and specialized databases. The integration of all these types of
data confirms or excludes putative synergistic species interactions (Figure 2G). To note,
this process should be iterative as new insights concerning microbial communities and
the addition of data to repositories are obtained. For example, genome re-annotation
might be necessary if novel species are identified or a better understanding of the reactions
that are involved in a specific ecosystem process.

5. Conclusions

Understanding how interspecies interactions contribute to ecosystem functioning is
a central issue not only in microbiology but the large field of ecology. Rather than solely
depending on diversity measures or correlations, future research should be directed into
searching mechanisms underlying causal relationships between community components
and their abiotic environments. To optimize the road to uncover interspecies interactions,
it is of utmost importance to first identify an ecosystem process of interest. It is important
to highlight that this ecosystem process should have known connections between genes,
proteins and reactions. The next step is to collect genomes of all (or key) species in the
microbial community of interest. Mapping of the different reactions to the different
genomes is a crucial step as it determines the functional potential of each individual
species. This step should be carefully performed since the databases being used to link
gene, proteins and reactions are constantly being updated. One must be aware that the
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size of the pathways involved with the ecosystem process of interest together with the
number of species in the respective microbial community has a high-impact on the
computational demands to determine microbial interactions and the interpretation of the
analysis. In addition, genetic potential alone is not indicative of microbial interactions.
Therefore, the methods needed to validate putative microbial interactions should be
chosen based on the complexity of the ecosystem process, the diversity of the microbial
community and other biotic and abiotic factors in the ecosystem.
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Figure 2: Theoretical work frame for prediction of interspecies interactions. Here, a microbial community is composed of four
species (A) and a hypothetical ecosystem process/pathway of interest (B) requires the presence of five single protein-encoding
genes and five protein-encoding genes that participate in the formation of two protein complexes. First, annotation of individual
genomes from the microbial community is performed using only the set of target genes (C). From here, one can determine which
species possess the complete functional potential to perform the target pathway (D). Additionally, one can also determine which
species or groups of species possess a combined genomic potential to perform the complete ecosystem process (E) - putative
interacting species. Further refinement of the generated lists can be achieved by the inclusion of experimental data, species
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and proteomics) (F) leading to increased robustness of predictions and reduction of the number of interspecies interactions for
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