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Interactions among microorganisms deeply affect the dynamics of cheese microbial communities and, as a
consequence, multiple aspects of cheese quality, from the production of metabolites affecting the taste, aroma
and flavour, to body, texture and colour. Understanding and exploiting interactions among beneficial or detri-
mental microorganisms is therefore key to managing cheese quality. This is true for the simplest systems (fresh
cheeses produced from pasteurized milk using defined starters) and the more so for complex, dynamic systems,
like surface ripened cheese produced from raw milk, in which a dynamic succession of diverse microorganisms is
essential for obtained the desired combination of sensory properties while guaranteeing safety. Positive
(commensalism, protocooperation) and negative (competition, amensalism, predation and parasitism) in-
teractions among members of the cheese biota have been reviewed multiple times. However, even if the complex,
multidimensional datasets generated by multi-omic approaches to cheese microbiology and biochemistry are
ideally suited for the representation of biotic and metabolic interactions as networks, network science concepts
and approaches are rarely applied to cheese microbiology.

In this review we illustrate concepts relevant to the description of microbial interactions using a network
science framework. Then, we briefly review methods used for the inference and analysis of microbial association
networks (MAN) and their potential use in the interpretation of the cheese interactome. Finally, since these
methods can only be used for mining microbial associations, we review the experimental methods used to
confirm the nature of microbial interactions among cheese microbes.

1. Foreword and Lactobacillus delbrueckii subsp. bulgaricus or lactis (Blaya et al., 2017;

Irlinger and Mounier, 2009). The other side of the spectrum is repre-

Cheeses, like all fermented foods, are man-made dynamic ecosys-
tems, in which the environment is organic and the biota is made solely
by microbes (bacteria, fungi and viruses; Gobbetti et al., 2018; Jonnala
et al., 2018; Wolfe and Dutton, 2015), with a few exceptions in which
arthropods play a more or less beneficial role (Carvalho et al., 2020;
Marcellino and Benson, 2014). Microbial metabolism is among the main
drivers of cheese sensory properties, and the dynamics of the microbiota
strongly impacts cheese quality and safety (Gobbetti et al., 2018; Jon-
nala et al., 2018). Even when the complex microbiota of raw milk is
drastically simplified by heat treatments and by the addition of defined
starter cultures, and when ripening and storage are relatively short (like
in fresh cheeses), microbial interactions are still important in deter-
mining the success of the fermentation. Obvious examples are para-
sitism, when lytic bacteriophages infect starter strains, or proto-
cooperation among key starter species, like Streptococcus thermophilus
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sented by raw milk cheeses produced with no starter or by using tradi-
tional undefined starters, and with longer ripening. In these cheese
varieties, a complex pattern of microbial interactions and a succession of
species and strains invariably develops and its control is key to cheese
quality (Blaya et al., 2017; Gobbetti et al., 2018; Irlinger and Mounier,
2009; Jonnala et al., 2018; Mayo et al., 2021). The complexity of mi-
crobial successions and interactions in surface ripened cheeses is well
known (Irlinger and Mounier, 2009), and has been demonstrated in an
elegant and comprehensive way in a series of recent studies (Bonham
et al., 2017; Cosetta et al., 2020; Kastman et al., 2016; Niccum et al.,
2020; Wolfe et al., 2014; Zhang et al., 2018).

In all ecosystems, several types of positive (commensalism, proto-
cooperation) and negative (competition, amensalism, parasitism) in-
teractions are possible between couple of partners or among more
complex modules and cliques, i.e., among groups of species which have
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more interactions among them that with other species in the network
(see Canon et al., 2020; D'Souza et al., 2018 for recent reviews). Even if,
ultimately, co-culturing in the laboratory and/or in appropriate model
systems is the only way to obtain in-depth knowledge on the nature of
interactions (Cosetta and Wolfe, 2019; D'Souza et al., 2018; Wolfe et al.,
2014), the wealth of data provided by metataxonomic, metagenomic
and metabolomics approaches provides ample opportunity to mine for
microbial association networks (MAN) and metabolic networks (Laye-
ghifard et al., 2017; Liu et al., 2020; Rottjers and Faust, 2018).

Microbial interactions in cheese and in other fermented foods have
been the subject of recent comprehensive reviews (Blaya et al., 2017;
Canon et al., 2020; Gobbetti et al., 2018; Mayo et al., 2021). A schematic
representation of interactions (parasitism, commensalism, amensalism,
competition, protocooperation) occurring in an idealized surface
ripened cheese is shown in Fig. 1, with some of the interactions
described in detail in Section 3 and Table 1.

The ensemble of microbial interactions in cheese is best described
using network concepts. Surprisingly, while network science approaches
are frequent in the study of host and environmental microbiomes, they
are much less so in food and dairy microbiology (Parente et al., 2018).
This is rather unfortunate, given the potential of the study of microbial
interactions in food for the development of new processes and products
and for the optimization of microbiome intervention strategies even in
complex communities (Canon et al., 2020).

In this review, we will briefly illustrate network approaches to the
study of microbial communities, related terminology and methods. We
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will then review recent literature using high-throughput sequencing or
meta-omic approaches for the study of microbial interactions in cheese
microbial communities. Finally, we will point out to the possibility of
using the metataxonomic data stored in the DairyFMBN database
(Parente et al., 2020) for the mining of microbial associations in cheese.

2. Network analysis concepts and approaches to the study of
microbiota

2.1. Network science and microbial ecology

A network is, simply put, a collection of objects (nodes, vertices)
connected by interactions (edges, arcs, links) (Newman, 2010): a sche-
matic network representation of microbial interactions in cheese is
shown in Fig. 1. Because of the flexibility and power of this concept,
network science is used in representing and understanding interactions
in very diverse fields (physics, social sciences, biology, etc.).

In the study of microbial associations, nodes can be of the same type
(unipartite networks, as in microbial association networks, in which the
nodes are microbial taxa, Operational Taxonomic Units, OTU, or
Amplicon Sequence Variants, ASV) and the edges represent some sort of
true or inferred association (positive or negative), which may or may not
reflect a true biological interaction. Bipartite networks (i.e. networks
with nodes belonging to two different types) are also of interest: net-
works of this type include Phage-Bacteria Interaction Networks (PBINs;
Flores et al., 2011) and Food-Microbe interaction networks (which have
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Fig. 1. A simplified representation of a po-
tential interaction network in a surface
ripened cheese. Red arrows indicate in-
teractions which have a negative effect
(often referred to as mutual exclusion in-
teractions) on one or both partners. Green
arrows indicate interactions which have a
positive effect on one or both partners (often
referred to as co-occurrence interactions).
0 indicates no effect, + a positive effect, — a
negative effect. Numbers refer to examples
in Table 1. The direction of the arrows may
be used to indicate the direction of the
interaction. Parasitism (1) due to bacterio-
phage (@) infections of starter bacteria, like
Streptococcus thermophilus (ST) is one of the
most frequent, and technologically relevant
interactions in cheesemaking, together with
the protocooperation between starter species
(2), like S. thermophilus and Lactobacillus
delbrueckii subsp. bulgaricus (LDB). Starter
lactic acid bacteria (SLAB) frequently inhibit
pathogenic or spoilage bacteria, like Escher-
ichia coli (EC) by competition, amensalism or
ecosystem conditioning (decrease of pH,
which in turn, due to syneresis and loss of
water during ripening, results in reduced
aw). The latter (decrease in pH due to pro-
duction of lactic acid, increase in pH due to
consumption of lactic acid or proteolysis) is
a frequent, indirect type of interaction. In
some commensalistic (7) relationships
products of the metabolism of one microor-
ganism may become substrate for another

an interaction
network

like the use of galactonate produced by the
yeast Debaryomyces hansenii (DH, which is
also responsible of increasing the pH) by
Brevibacterium aurantiacum (BA) and Hafnia
alvei (HA). In turn, H. alvei may develop

commensalistic or proto-cooperative interactions, since siderophores produced by HA stimulate BA, which in turn releases energy compounds for HA from proteins
and lipids. Complex cheese consortia are also implicated in the inhibition of Listeria monocytogenes (LM) by amensalism or competition (11). (For interpretation of the
references to colour in this figure legend, the reader is referred to the web version of this article.)
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ripened cheese

acid) produced by

contact required

Table 1

Some examples of microbial interactions between cheese microorganisms and of methods used for their study in model systems or in cheese.
Type of Cheese Partner(s) (effect/ Mechanism Time and space Methods References
interaction cost)” dependence

1 Parasitism All varieties Lytic bacteriophages Infection followed by lytic Same time. Traditional culture-based Dairy bacteriophages

(+/0) cycle Contact methods, molecular reviewed in (Pujato
Several LAB (—/€) required. methods, lineage specific et al., 2018; Erkus
qPCR, metagenomic et al., 2013;
approaches, matching Somerville et al.,
CRISPR arrays and targets ~ 2019; Walsh et al.,
2020)
2 Proto - Fresh cheese, S. thermophilus (+/0) Cross-feeding (CO,, formic Same time. No Growth kinetics, Reviewed in (
cooperation some semi- L. delbrueckii subsp. acid, amino acids, vitamins, contact required metabolome and Sieuwerts et al., 2008;
hard and bulgaricus (+/0) or L. amines, fatty acids), (diffusible transcriptome analysis in Herve-Jimenez et al.,
cooked delbrueckii subsp. lactis ~ modification of the products) monocultures and mixed 2009; Sieuwerts et al.,
varieties, environment (Oy cultures, metagenome 2010; Somerville
undefined consumption) analysis et al., 2021)
starters

3 Commensalism Surface Brevibacterium linens/ Siderophore negative strains ~ Same time. No Coculture experiments, (Noordman et al.,
ripened aurantiacum are limited in the cheese contact required ~ Comparative genomics, 2006; Pham et al.,
cheeses (producing environment by competition  (diffusible metabolomic analysis 2017)

hydroxamate for Fe>*; siderophores products)
siderophores) (=/€) produced by other strains

Brevibacterium linens/ allow growth

aurantiacum

(siderophore negative

strains) (+/0)

4 Competition Surface Penicillium spp. (?/?) The presence of the mould Same time. No Co-culture experiments, (Cleary et al., 2018)
ripened cheese Glutamicibacter generates competition for contact required  metabolome analysis,

arilaitensis (—/€) microelements, which (diffusible imaging mass
induced production of a Zn®*"  products) spectrometry, RNA-seq
chelating agent
(coproporphyrin III), which
is also a pink pigment. At
high concentration
coproporphyrin III may
inhibit Penicillium
5 Commensalism Swiss-type Starter Lactic Acid SLAB produce lactic acid and ~ Succession Traditional co-culturing (Baer, 1995; Frohlich-
cheeses Bacteria (=/0) release peptides and amino (SLAB grow approaches Wyder et al., 2002)
Propionibacterium acids from caseins, which first); no contact
(+/0) subsequently are used by required
Propionibacterium (diffusible
products)

6 Commensalism Undefined Prt+ strains/species Co-existence of proteinase Same space and Traditional co-culturing (Desfossés-Foucault
strain starters, (=/€), Prt— strain/ negative and positive time (SLAB/ approaches, qPCR, et al., 2014; Erkus
many cheeses species (+/0) strains/species, due to the SLAB) same metagenomic analysis in et al., 2013; Juillard

release of peptides by the space, different starter cultures, cheese et al., 1996; Moser
proteinase: several examples  time (SLAB/ and model cheeses et al., 2018)

in mixed cultures as NSLAB)

representative cases of an

interaction with some cost

for one of the partners

7 Commensalism Surface - Debaryontyces hansenii D. hansenii provides Succession Co-culture experiments in ~ (Pham et al., 2019)
ripened (=/0), Brevibacterium ecosystem conditioning by (yeast/others) mini-cheese model, RNA-
cheeses aurantiacum (+/€), removing lactic acid and or same time. seq analysis and soluble

and Hafnia alvei (+/0)  increasing pH. Galactonate Cheese surface. metabolome analysis by
produced by D. hansenii is No contact UHPLC-MS and HPLC-UV
consumed by the two required. in mini-cheese models,
bacteria. A strong positive
interaction exists between
B. aurantiacum (which is
stimulated by siderophores)
and H. alvei (stimulated by
glycerol and FAA)

8 Commensalism Natural rind Staphylococcus Selected moulds stimulate Same time. No Co-culture experiments. (Kastman et al., 2016)

cheeses equorum (+/0) the growth of S. equorum by contact Comparative genomics,
Scopulariopsis or modulating iron required. RNA-seq
Penicillium (=/€) (siderophore production)
and possibly amino acid
availability.
9 Other + Bloomy rind Serratia Mucor specifically facilitates Same time. Co-culture experiments. (Zhang et al., 2018)
competition cheese (Saint proteamaculans (—/?) the dispersal of motile Contact Imaging, meta-
Nectaire) Mucor lanceolatus Serratia required. transcriptomics,
—/?) transposon mutagenesis,
comparative genomics
10  Other Model surface Volatiles (including acetic Same time. No (Cosetta et al., 2020)

(continued on next page)
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Table 1 (continued)
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Type of Cheese Partner(s) (effect/ Mechanism Time and space Methods References
interaction cost)” dependence
Galactomyces G. geotrichum strongly Co-culture experiments
geotrichum (?/?), Vibrio stimulate the growth of on cheese agar, RNA-seq,
casei (+/-) V. casei meta-taxonomic analyses
11  Amensalism, Surface Smear cheese Microbial consortia of Same time. No Co-culture experiments in ~ (Callon et al., 2014;

competition ripened cheese  consortia (0/€),

Listeria monocytogenes

surface ripened cheese
inhibit L. monocytogenes by

vitro, simulated cheese
environments, cheeses

contact required Eppert et al., 1997;

Imran et al., 2010)

(=/-) competition or amensalism
(bacteriocin production)

@ Effect: + stimulation of growth, = no effect, — inhibition/death; cost: 0 no cost, € metabolic cost, ? unclear.

been frequently used as a descriptive tool for the structure of microbial
communities in foods: see Parente et al., 2018 for a review). In this case,
edges represent simply the occurrence of a relationship (a bacteriophage
infecting a bacterial strain, the presence of a given taxon in a given
sample), which can be sometimes weighted (see below). More complex
networks (sample-OTU-metabolite) can be built using multi-omic data
(Liu et al., 2020).

In most cases, networks used for representing microbial associations
are undirected (i.e., the edge does not point from one of the nodes to
another, because the relationship is considered to be reciprocal). On the
other hand, parasite-host networks are usually represented as directed
networks, with edges going from phages to bacteria. Directed networks
can be used to represent in a more meaningful way ecological re-
lationships like commensalism, amensalism or parasitism, while mutu-
alistic relationships and competition are typically undirected (Canon
et al., 2020; D'Souza et al., 2018).

Networks can be weighted if the edges have some sort of integer or
real number associated to them, representing the “strength” of the as-
sociation (i.e., a correlation or distance value for association networks,
abundance of a taxon in a given sample, some measure of the virulence
of a phage toward a host, etc.).

Networks can be characterized by many network- and node- or edge-
level indices, whose analysis may provide insights in the structure of the
microbial community, allow the quantitative comparison of networks
observed under different circumstances or assist in the identification of
microorganisms which may have a prominent role in the structure and
functioning of the microbial community (see Sections 2.1.1 and 2.1.2). A
detailed review of these indices is beyond the scope of this work, and
interested readers are referred to comprehensive reviews on microbial
interaction networks (Layeghifard et al., 2017; Liu et al., 2020). Here we
will present a simplified description of the most important indices,
which is essential for the interpretation of the information provided in
the following sections.

2.1.1. Global network properties

Several network level indices allow to typify network properties, to
evaluate robustness of the microbial community toward disturbances
and to compare networks occurring in different biomes or in the same
biome under different conditions (Layeghifard et al., 2017; Peschel
et al., 2020; Rottjers and Faust, 2018). In host biomes, disease is known
to modify microbial association network structure (Ma, 2018; Rottjers
and Faust, 2018). In a similar way, comparison of global network
properties may provide insights on the effect of technological in-
terventions (i.e. effect of starter addition and/or heat treatment),
bacteriophage infection or spoilage on the structure of cheese microbial
association networks.

The number of nodes and edges, the average degree, the con-
nectance, the average path length (the average distance between pair of
nodes), the node degree distribution and the global clustering coefficient
are all important measures of network structure. The average degree, is,
simply, the average number of edges per node. Connectance is defined as
the ratio between the actual number of interactions with the potential
number of interactions (Delmas et al., 2019; Dunne et al., 2002). The

node degree distribution is the distribution of the probability that a node
has a given degree. The clustering coefficient is a measure of the orga-
nization of the network in modules or cliques with a higher average
degree among them than with other nodes. Microbial association net-
works in host and environmental biomes have been found to differ
significantly from random networks and to have a scale-free structure.
While in random networks each node has an equal probability of having
an edge with another node, with a node degree distribution that follows
a Poisson distribution, microbial interaction networks tend to have a
power law node degree distribution, in which most nodes have a small
degree while some, the hubs, have a large number of edges. This, in turn,
results in the so-called small-world properties (low average path length,
highly modular structure). The occurrence of highly interconnected
hubs and of densely connected modules of nodes should result in resis-
tance to disturbance (i.e., removal of random nodes or edges should not
significantly change the structure of the network). On the other hand,
removal of hub species or of edges connecting different modules can
result in significant disruptions. Food MAN have been found to be
simpler, to lack the small-world, scale free structure of environmental
MAN, and to have at most a truncated power-law distribution of node
degrees (Layeghifard et al., 2017; Parente et al., 2018; Rottjers and
Faust, 2018). Since MAN can include both positive and negative asso-
ciations, another important network property is the proportion of pos-
itive edges (PEP) (Faust et al., 2015). Changes in the ratio of positive to
negative interactions may be considered markers for shift from a
“healthy” to a “diseased” microbiome (Ma, 2018).

2.1.2. Node and edge properties

Several individual node properties contribute to the identification of
keystone taxa in microbial association networks. Keystone taxa have
been defined as “highly connected taxa that individually or in a guild
exert a considerable influence on microbiome structure and functioning
irrespective of their abundance across space and time. These taxa have a
unique and crucial role in microbial communities, and their removal can
cause a dramatic shift in microbiome structure and functioning”
(Banerjee et al., 2018). Properties which have been used to measure the
centrality of a taxa or its importance in an ecosystem are the degree, the
weighted degree, other measures of how central is a node in the network
(closeness, betweenness or eigenvector centrality) and the clustering
coefficient). Their definition and significance have been reviewed
recently (Layeghifard et al., 2017; Liu et al., 2020; Rottjers and Faust,
2018).

Hub species are characterized by high values of centrality measures
(degree, closeness and eigenvector centrality) while bottlenecks are
characterized by high values of betweenness centrality (the number of
shortest paths passing through a node) and both may have key roles in
ecosystem functioning and stability.

The detection of modules of highly interconnected nodes (with a
high clustering coefficient) may help in the identification of groups of
taxa which share the same niche or may have strong metabolic
interactions.

It is worth noting that betweenness can be also calculated for edges:
edges which have high edge betweenness are important for the structure
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of the network, because their removal disrupts the network.

2.2. Methods for the inference and visualization of networks in
microbiome studies

Because of the importance of network approaches in the description
and understanding of microbial communities, a large variety of methods
have been developed for the representation and inference of microbial
association networks. We will briefly describe the tools used for network
visualization and those used for the inference and analysis of microbial
association networks and of bipartite networks.

2.2.1. Network visualization tools

Visual representation and analysis of bipartite sample-OTU networks
(in which edges simply represent the occurrence of an OTU in a sample,
possibly weighted by the relative abundance) can be used as a descrip-
tive tool for the identification of clusters of samples or taxa and for the
identification of the core and accessory microbiota (Parente et al.,
2016). Node and edge tables derived from metataxonomic data (like
those generated using QIIME's make_otu_network.py script) can be im-
ported in graph visualization software (like Gephi, https://gephi.org/,
or Cytoscape https://cytoscape.org/; Shannon et al., 2003). The Shi-
nyFMBN app also provides a simple way of exporting data extracted
from the FoodMicrobionet database (Parente et al., 2019) to Gephi and
Cytoscape. These tools allow to filter nodes, calculate network and node
statistics, use them or node or edge metadata to apply styles (shapes,
sizes, colours, etc.) to subsets of nodes and edges, and to rearrange the
graph using layout algorithms (which rearrange the position of node and
edges in a 2-D or 3-D space) with the purpose of identifying and visu-
alizing modules or hubs. As a result, the core microbiota, including taxa
which are consistently present in a large number of samples, usually
appears in the centre of the graph, while members of accessory micro-
biota, which is are only occasionally present, appear at the periphery.
The interested readers are referred to De Filippis et al. (2014) for the first
application of this approach in foods and Parente et al. (2016) for further
examples on how application of styles (colour, size, thickness) to nodes
and edges can enhance the visualization of bipartite food-microbe
networks.

While both Cytoscape and Gephi provide tools for obtaining network
and node statistics, they are most frequently used using menu driven
interfaces and visualizations are hardly reproducible. R packages
(including igraph and GGraph, among others) are more difficult to use
and less flexible in terms of visualization options but have a significant
advantage in terms of reproducibility and transparency of
documentation.

Graph visualizations are visually pleasant and may provide some
insight on the structure of microbial communities, but their interpreta-
tion is highly subjective and, due to the large number of options of
layout algorithms, may be misleading and unreproducible if not prop-
erly documented.

2.2.2. Inference of microbial associations

While simple network visualizations are relatively straightforward,
the inference of microbial associations (or of more complex associations
in meta-omic data) requires specialized tools (Liu et al., 2020; Peschel
etal., 2020; Rottjers and Faust, 2018). The most frequently used data are
16S rRNA marker gene data, which are affected by sparsity and
compositionality.

Sparsity is related to the occurrence of a large number of zeros in
OTU or ASV abundance tables. It is usually difficult to establish if the
zeros are simply missing data due to insufficient sequence depth or if
they are structural zeroes, reflecting the absence of a given feature.
Compositionality is due to the fact that the true abundance of the target
gene is rarely measured and relative frequencies are often used in OTU
or ASV abundance tables. Even when absolute abundances are used,
they suffer from a compositional bias, since, when the increase in
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abundance of a given taxon must be accompanied by the decrease in
abundance of less abundant taxa.

In addition, in several cases, indirect correlations may be detected.
Indirect correlations occur when an association between taxa A and B is
inferred if both are associated with taxon C or with a common envi-
ronmental condition.

Further difficulties ensue from the limitations of amplicon targeted
approaches, whose resolution is often limited to the genus level. Finally,
time-series data with enough time points to use model-based approaches
for the inference of microbial interactions are relatively rare (Rottjers
and Faust, 2018), and methods developed for cross-sectional data (i.e.,
data obtained for a collection of related samples which do not represent
a time series) are more common.

These difficulties prevent the use of simple correlation measures
between the abundance of different OTU/ASVs to infer the occurrence of
an association, which, in turn, may represent a true biological interac-
tion, and have led to the development of specific methods for the
transformation of data prior to analysis or for the calculation of alter-
native association measures. A complete review of the methods and al-
gorithms used to infer microbial association networks for cross-sectional
data, of their strengths and weaknesses is beyond the scope of this paper:
this is an active area of research and scores of papers have been pub-
lished in recent years. The interested readers are encouraged to peruse
one of the many recent reviews on the subject (Jiang et al., 2019; Liu
et al., 2020; Rottjers and Faust, 2018).

Here we will briefly describe a few approaches which have been used
more frequently and tested in comparative studies.

SparCC (Sparse Correlations for Compositional data; Friedman and
Alm, 2012) infers networks based on Pearson correlations on log-ratio
transformed data, thus addressing, at least in part, the issue of compo-
sitionality, and has been frequently used. CCREPE (Compositionality
Corrected by REnormalization and Permutation; Faust et al., 2012), also
known as ReBoot, uses permutations and renormalization to remove
correlations due to compositionality alone and is implemented in the
CoNet app (Faust and Raes, 2016) with a variety of correlation, simi-
larity- and dissimilarity-based measures, which can be used in an
ensemble approach. SPIEC-EASI (SParse InversE Covariance Estimation
for Ecological Association Inference; Kurtz et al., 2015) is based on
estimation of conditional covariances, is robust to both compositionality
and indirect correlations, and has performed well in benchmarking,
especially when using the neighbourhood selection method (also known
as the MB method (Meinshausen and Bithlmann, 2006). Another recent
method based on estimation of semi-parametric correlation and infer-
ence of conditional dependence is SPRING (SemiParametric Rank-based
approach for INference in Graphical model; Yoon et al., 2019).

Some of the methods mentioned above (SPIEC-EASI, SPRING) have
been reported to be robust toward indirect associations, but more direct
methods to remove and/or identify the effect of environmental variables
(pH, aw, salt in moisture, temperature, etc.) exists. The CoNet app in
Cytoscape (Faust and Raes, 2016) does allow to process metadata and
infer associations between OTU/ASV and environmental variables.
FlashWeave, a high throughput method for large scale network infer-
ence is also able to remove indirect correlations by including informa-
tion on sample properties and is an extremely promising tool, given its
ability to handle large composite datasets (Tackmann et al., 2019).
Furthermore, an approach based on Joint Species Distribution Models
and Poisson-Lognormal models has been claimed to be able to remove
edges due to association between OTU/ASV and environmental vari-
ables, but has not been tested on microbial communities (Chiquet et al.,
2021). While there is clearly a need to explicitly model the effect of
covariate on microbial association networks, this has only rarely been
done and, rather unfortunately, covariates are very rarely deposited as
sample metadata in sequence repositories.

Finally, it is well known that network inference is method specific,
and specific interactions, like amensalism, may be undetectable for
cross-sectional studies (Weiss et al., 2016), but we have recently shown
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that combining several methods may help in detecting stable and
scientifically reasonable associations in food microbiomes (Parente
et al., 2018, 2022). In fact, using a combination of three approaches
(CoNet, SparCC and SPIEC-EASI) we were able to detect >40 co-
presence and >40 mutual exclusion relationships in association net-
works for a variety of foods which were detected by at least 2 methods.
The associations usually included known co-presence relationship be-
tween beneficial bacteria or between spoilage bacteria and mutual
exclusion relationships between beneficial and spoilage organisms.
More recently (Parente et al., 2022), we inferred microbial association
networks for 34 studies on cheese microbiota using two correlation-
based methods (SparCC and CCREPE) and two conditional indepen-
dence methods (SPIEC-EASI and SparCC) and detected several stable (i.
e. association detected by more than one method in more than one
study) associations at the genus and species level, including both well-
known associations and novel associations which need experimental
confirmation.

2.2.3. Software for the inference of microbial association networks

The scarcity of studies on the inference of microbial association
networks in cheese (and in food in general) may have been, at least in
part, due to the delay with which approaches base on high throughput
sequencing methods have been used in foods compared to other biomes
and to the lack of user-friendly software for network inference, char-
acterization and comparison.

The CoNet app in Cytoscape has been for a long time the only user
friendly, menu driven tool for network inference and analysis (Faust and
Raes, 2016). Although it does provide different methods for network
inference, it does not allow network comparisons.

A number of R packages allow the inference of microbial associa-
tions, including SpieacEasi, (Kurtz et al., 2015), which implements both
the SparCC and SPIEC-EASI methods, and SPRING (Yoon et al., 2019). A
comprehensive and relatively user-friendly R package (NetCoMi,
Peschel et al., 2020) for network inference with a large variety of
methods, which also includes tools for estimation of network and node
statistics, network visualization and formal network comparison, has
recently become available.

Web based platforms, like MetagenoNets (Nagpal et al., 2020) are
also available, thus empowering users who lack coding abilities.

3. Experimental approaches for the validation of interactions
predicted by microbial association networks inference

Computational tools for the inference of microbial association net-
works are essentially explorative tools: although they provide a variety
of information related to the structure of the interaction network, on the
occurrence of potentially novel interactions and on keystone “species”,
the interactions must be confirmed by in-vitro or in-vivo experiments. In
a recent review Cosetta and Wolfe (2019) exemplified this approach in
the sequence pattern — process — mechanism. In the pattern detection
approach network inference tools can be used to identify statistically
robust interactions. These are then tested in the process phase in
experimental microbial communities, possibly in model systems.
Finally, in the “mechanism” phase, metabolomic and transcriptomic
approaches are used to identify the genetic and metabolic bases for the
interaction. There are several examples for experimental approaches
validating predictions based on microbial association network inference
for environmental and host biomes (see Rottjers and Faust, 2018 for a
review). As to cheese microbial communities, potential interactions are
usually inferred by more heuristic approaches based on simple obser-
vations on the composition of microbial communities rather than on
formal criteria.

Interactions in cheese are frequently mediated by diffusible or vol-
atile metabolites (including volatile organic compounds) and/or by
physical contact, and different approaches are used to de-construct in-
teractions in vivo or in vitro.
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With the exception of experiments performed in-vivo (i.e., in real
cheese systems), simplified communities (2-4 members) are most
frequently used, even if much larger assemblages have been tested in
some cases (Callon et al., 2011, 2014; Imran et al., 2010). Simplified
communities grown in liquid media are clearly the easiest way to clarify
the mechanisms of microbial interactions, but they may be insufficient
to resolve the complex and dynamic interplay in cheese, especially in
cheeses produced with undefined starters, raw milk varieties or surface
ripened cheeses.

In fact, several commensalistic interactions are, in fact, indirect: they
are due to niche conditioning (change of pH, production/consumption
of substrates, release of nutrients) and most microbial growth occurs in
different life stages of the cheese (curd manufacturing, ripening) or at
different locations (core, surface). Examples are the commensalistic in-
teractions between starter lactic acid bacteria (SLAB) and non-starter
lactic acid bacteria (NSLAB) in cheeses ripened internally by bacteria;
lactic acid bacteria (LAB) - propionibacteria in Swiss-type cheeses; LAB -
fungi - surface flora in surface ripened cheeses; (Blaya et al., 2017;
Gobbetti et al., 2018; Mayo et al., 2021; Sieuwerts et al., 2008; Smid and
Lacroix, 2013). The interested reader is referred to the many excellent
reviews (Blaya et al., 2017; Gobbetti et al., 2018; Mayo et al., 2021;
Sieuwerts et al., 2008; Smid and Lacroix, 2013) which have been pub-
lished on this subject. Here we will concentrate on more direct in-
teractions, based on physical contact or exchange of soluble or volatile
metabolites.

Table 1 summarizes some representative interactions, together with
the experimental approaches used for their study, ranging from simple
growth experiments, occasionally with modelling of growth kinetics, to
meta-transcriptomic and metabolomic approaches in cheese or model
systems. Most studies analyse commensalistic relationships, either due
to ecosystem conditioning or to exchange of metabolites, and the ma-
jority is focused on surface ripened cheeses and bloomy rind cheeses, in
which the development of desired sensory properties relies on complex
interactions between LAB, Proteobacteria, Actinobacteria, Staph-
ylococcaceae, yeasts and moulds.

Negative interactions due to bacteriophages (parasitism) are rela-
tively simple to study and have a profound impact on the structure and
dynamics of microbial communities in cheese (Erkus et al., 2013; Pujato
et al., 2018; Zotta et al., 2021). Because of their importance, bacterio-
phage - host interaction networks are reviewed in a separate paragraph
(see Section 4).

Amensalism due to production of bacteriocins is also important, both
because it might affect the stability of mixed strain starters and because
of potential uses in bio-preservation for the control of pathogenic and
spoilage microorganisms (Silva et al., 2018). Furthermore, this phe-
nomenon is relatively easy to study in vitro (see Favaro et al., 2015; Lozo
et al., 2021 for recent reviews). In addition, mining metagenomes for
bacteriocin genes (Escobar-Zepeda et al., 2016; Lozo et al., 2021; Walsh
etal., 2020), and using targeted methods for studying their expression in
cheese is relatively easy (Trmcic et al., 2011). To our knowledge, there is
no meta-transcriptomic data on the expression of bacteriocin genes in
cheese during ripening.

Complex interactions are responsible of anti-listerial activity of
beneficial microorganisms which develop on surface-ripened cheeses.
The inhibitory activity may be due to factors other than bacteriocin
production, including competition, and studies in model systems (cheese
agar) have shown that complex consortia are needed, and that activity
varies significantly with their composition and complexity (Callon et al.,
2014; Imran et al., 2010).

Amensalism can be strongly affected by the solid nature of the cheese
matrix: cheese moisture and even the internal environment of colonies
may affect the diffusion of relatively large molecules (Floury et al., 2015;
Guitian et al., 2019) like bacteriocins but also, in the short term, of
smaller molecules. In fact, spatial distribution of colonies and diffusion
of molecules within and between colonies in or on the cheese matrix
may significantly affect cheese quality for several reasons. First of all,
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except when cells or microcolonies are in close proximity, interactions
are probably not relevant. Gradients within a single colony may be
important in affecting the growth in different locations of a colony
(Malakar et al., 2000, 2003), although the buffered environment of
cheese may prevent the existence of pH microgradients, at least in
microcolonies (Jeanson et al., 2013). Inoculum level may affect size and
distribution of microcolonies and this, in turn, has been shown to affect
cheese composition (Boucher et al., 2015a,b; Jeanson et al., 2010),
although, in the long term, it might not affect the distribution of small
soluble metabolites implicated in some cross-feeding relationships be-
tween SLAB and LAB (Czaran et al., 2018), at least in cheeses internally
ripened by bacteria.

The situation is quite different in mould ripened cheeses and surface
ripened cheeses. In fact, the composition of the microbiota on the sur-
face and core of several cheeses (including cheese internally ripened by
bacteria) is significantly different (see Jonnala et al., 2018 for a review)
and differences in ecological conditions may strongly affect interactions
between microorganisms and vice-versa. In Stilton cheese, the occur-
rence of mixed micro-colonies close to the internal veins formed by the
mould was shown by Fluorescence In Situ Hybridization (Ercolini et al.,
2003) and this was hypothesized to be due to commensalism. However,
in the same cheese, Lactococcus and Leuconostoc formed in other parts of
the curd pure culture microcolonies, and microcolonies identified as
Lactiplantibacillus plantarum or tentatively identified as Latilactobacillus
curvatus appeared in different location (underneath the crust or close to
the veins).

In conclusion, imaging techniques are certainly most useful in
studying the spatial organization of interacting microorganisms in
cheese (Hickey et al., 2015), but mass-spectrometry techniques may also
be of great importance in evaluating the importance of compounds like
siderophores (Cleary et al., 2018) or possibly bacteriocins (Hindré et al.,
2003).

Microbial interactions on cheese rinds may affect in a complex way
the survival and growth of Listeria monocytogenes and Escherichia coli,
two pathogens which have been associated with foodborne outbreaks
due to the consumption of surface-ripened cheeses (Fusco et al., 2020).
Co-cultivation with bacteria found on the surface of cheese (Brevi-
bacterium, Psychrobacter) has been found to affect the expression of genes
whose transcription is regulated by the global stress regulator og (Anast
and Schmitz-Esser, 2020) and the expression of a small non coding RNA,
thus suggesting that stress due to competition is involved in this inter-
action. Random Barcode Transposon Sequencing and RNA-Seq have
recently been used to identify genes which are related to the survival and
growth in a cheese model of Escherichia coli, when grown alone or in
binary and multiple associations with cheese-rind microorganisms like
Geotrichum candidum, Hafnia alvei and Penicillium camemberti (Morin
et al., 2018). Important genes were related to amino acid synthesis or
metabolism, iron acquisition or response to toxic compounds and
oxidative stress, thus confirming once again the importance of these
factors in fitness and interactions in cheese. In addition, growth in co-
culture demonstrated that the cheese species might exert both positive
effects (by providing free amino acids) and negative effects (by amens-
alism through the production of toxic compounds or oxidative stress).
Incidentally, this experiment also showed that pairwise interactions may
be not representative of the growth in more complex (4 members)
communities. Although this highlights the limitations of experiments in
model systems, teasing out interactions in real systems may prove
exceedingly difficult, due to variability in time and space and to the
complex and dynamic nature of the microbial communities, especially in
surface ripened cheeses.

The collection and interpretation of multi-omic data is probably the
most promising approach for the study of microbial interactions in
cheese during curd production and ripening, although cost and
computational power issues may still limit the collection of large lon-
gitudinal data sets needed to use model-based approaches for inferring
interactions. The most extensive demonstration of the value of complex,
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integrated approaches, for finely dissecting the complex interactions in
cheese microbial communities is probably the on-going work on surface
ripened cheeses (Bonham et al., 2017; Cleary et al., 2018; Cosetta and
Wolfe, 2020; Cosetta et al., 2020; Kastman et al., 2016; Niccum et al.,
2020; Wolfe et al., 2014; Zhang et al., 2018). Starting from an extensive
metataxonomic and metagenomic characterization of the rind microbial
communities of bloomy surface, washed rind and natural dry rind
(Wolfe et al., 2014) from all over the world, and from the development
of a detailed set of protocols for dissecting interactions in model cheeses
(Cosetta and Wolfe, 2020), this group was able to provide detailed ev-
idence for the drivers which determine the diversity and functionality of
microbial communities on the surface of cheeses.

In fact, surface ripened cheeses provide an excellent model for the
study of microbial interactions in an environment which, at least in part,
can be mimicked in the laboratory under the controlled conditions
which are needed to dissect the nature of the interactions and establish
cause-effect relationships.

First of all, cheeses which are surface ripened by filamentous fungi
(thus resulting in a bloomy rind, like Camembert, Brie, Saint Nectaire;
Spinnler, 2017) or by complex consortia of yeasts, moulds and bacteria
(washed rind cheeses, like Limburger, Tilsit, Port du Salut, Taleggio,
etc.; Mounier et al., 2017) are economically important worldwide. They
include both traditional varieties (which are still produced by using raw
milk and rely on natural contamination from the environment, with very
limited use of starter cultures) and industrial varieties, which are pro-
duced using pasteurized milk inoculated with defined or undefined
starters and in which the development of the surface microbiota is
promoted by the addition of specific combinations of fungi and bacteria.
The composition of the rind microbiota of these cheeses is significantly
more complex that those of cheeses with hard, dry rind (Wolfe et al.,
2014), and the mature microbiota is the result of a complex succession:
growth of halophilic, acid sensitive bacteria is made possible by the
consumption of lactic acid by yeasts and by the increase in pH due to
proteolysis caused by yeasts, moulds and, to a lesser extent, by LAB.
Recent research using high-throughput sequencing approaches has
shown that, beyond the complex assemblages of Actinobacteria (Brevi-
bacterium, Microbacterium, Arthrobacter, Corynebacterium) and Firmicutes
(Staphylococcus) which have been traditionally been associated with the
pigmentation and aroma of these varieties, several Proteobacteria,
including Pseudoalteromonas, Hafnia, Vibrio, Halomonas, and Psychro-
bacter, may contribute with their metabolic activities (Afshari et al.,
2018; Jonnala et al., 2018; Wolfe et al., 2014). In addition, the increase
in pH of the rind during ripening makes the growth and survival of
pathogenic microorganisms easier, including Listeria monocytogenes and
Shiga-toxin producing Escherichia coli. Understanding how these species
are controlled by amensalism and competition is a key factor for the
safety of these cheeses. Finally, several subdominant species which are
prevalent on the surface of these cheeses are not deliberately inoculated
(as part of the primary starter or the secondary ripening cultures). The
role of cheesemaking environments, including different areas in the
cheese plant and ripening shelves in the dispersal of these species and in
the maintenance of a continuous inoculation source is therefore
important in both providing beneficial and spoilage microbes (Bokulich
and Mills, 2013; Guzzon et al., 2017).

While environmental and technological conditions may determine
some of the co-occurrence and mutual exclusion patterns among bac-
teria and fungi, microbial interactions (both trophic and non-trophic) do
explain why some of these relationships systematically occur across
cheeses from different geographical areas (Wolfe et al., 2014). Apart
from indirect interactions (de-acidification of the cheese surface due to
growth of yeasts or moulds), several direct interactions are known to
exist (Mayo et al., 2021; Mounier et al., 2008). Competition for micro-
elements, with interactions mediated by exchange of siderophores or
other metal chelators is frequent in surface ripened cheeses as is
competition for folic acid, which can be alleviated by the exchange of
corrinoids (modified tetrapyrroles with a cobalt centre, which include
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vitamin B12), a frequent mechanism for microbial interactions (see
Table 1; Abreu and Taga, 2016). Below, two examples from recent
studies are described in more detail.

Clear-cut classification of microbial interactions in the framework of
those listed in Fig. 1 and Table 1 may be difficult. Competitive re-
lationships may hide more subtle relationships between partners: on the
surface of bloomy rind cheeses motile proteobacteria like Serratia pro-
teamaculans can exploit the network of hyphae formed by fungi like
Mucor lanceolatus for dispersal: motile cells move along the water film on
the lax hyphal growth formed by the fungus to disperse on the surface of
the cheese, thus colonizing a larger area (Pujato et al., 2018). The
relationship is somewhat specific and no dispersal or significantly lower
dispersal is observed with other cheese fungi forming denser hyphal
networks. Dispersal ability also varies among strains of Serratia. On the
other hand, as in many other cases, some competition is observed be-
tween the two partners. RNA-seq analysis of Serratia grown in co-culture
with Mucor showed that co-growth alters the supply of nutrients and
metabolites and the metabolism of Serratia, but no significant difference
in the expression of genes related to motility and quorum-sensing was
found. Both transposon mutagenesis and comparative genomics sup-
ported the fact that genes related to flagellin production (and hence to
motility) are essential for dispersal, but also provided proof that other
genes are implicated in the relationship between these two species: a few
mutants were able to kill Mucor, while others showed similar dispersal
but altered colony morphology. In the same paper the authors elegantly
demonstrated that fungal networks dramatically affect the structure of
the microbial community and that dispersal, as well as other interactions
(competition, amensalism) is implicated. In fact, several motile Proteo-
bacteria could disperse on fungal networks, while motile and non-motile
species of Firmicutes and Actinobacteria showed limited dispersal or no
dispersal. Fungal growth may be therefore responsible for better growth
of Proteobacteria on the surface of bloomy rind cheeses.

While many interactions may require a more or less close contact
between partners, some are mediated by volatile compounds. Recently
(Cosetta et al., 2020) it has been shown that volatile compounds pro-
duced by moulds isolated from bloomy or washed rind cheeses (Gal-
actomyces  geotrichum, Debaryomyces hansenii, Penicillium sp.,
Scopulariopsis sp., Fusarium domesticum) strongly stimulate or inhibit the
growth of selected Proteobacteria (with Vibrio being strongly stimulated,
and Pseudomonas often inhibited), and contribute to explaining the
abundance of these species on cheese rinds. In the case of Vibrio casei,
stimulation was related to significant changes in the transcriptome, and
free fatty acids and esters of free fatty acids produced by the fungal
partners were implicated in the relationship.

4. Future prospects

4.1. Does inference of microbial association networks provide useful
information?

Even with all limitations related to the inference of association net-
works from metataxonomic data (see Section 2, and Rottjers and Faust,
2018 for a review), microbial association network inference offers
invaluable information which may then be used to guide experiments to
confirm the nature of the associations inferred in silico. The availability
of simple to use workflows to calculate network properties and to
compare networks (Peschel et al., 2020) can be used to formally test
hypotheses on the effect of operational parameters (heat treatment,
spoilage, use of starter cultures, etc.) on the structure of association
networks. The networks structure of host microbiomes is known to be
dramatically affected by disease (Layeghifard et al., 2017; Liu et al.,
2020; Ma, 2018) and this has been proven to be true for the effect of
mastitis on microbial communities in milk (see Parente et al., 2020, for a
review). It is tempting to speculate that a given set of network properties
may be associated to “healthy” cheese microbiomes in high quality
cheeses, and that spoilage or sensory profiles deviating from those which
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are optimal for a given cheese may be associated, beyond the simple
identification of biomarkers, to systematic changes in the structure of
microbial association networks.

Finally, analysis of microbial association networks may help to mine
for previously unknown interactions among microorganisms relevant
for cheese ripening and provide the basis for the design of microbiome-
based starter cultures (Canon et al., 2020; Mayo et al., 2021).

While a naive use of microbial association network inference tools
should be discouraged, their availability, in conjunction with complex
metataxonomic databases as FoodMicrobionet and DairyFMBN (Parente
et al., 2019, 2020) should significantly facilitate the mining of existing
and new data for the inference of microbial associations.

4.2. Down to the strain level

One limitation of HTS targeting 16S rRNA gene is that, at the very
best, they can provide taxonomic resolution at the genus and, some-
times, at the species level. Inference of Amplicon Sequence Variants
and/or use of improved taxonomic databases may improve taxonomic
resolution. On the other hand, biological interactions in cheese happen
at the strain level, not at the species level (i.e., different strains of the
same species can show a different interaction pattern). This is certainly
true for bacteriophage-host interactions (Erkus et al., 2013, 2016) and
has also been recently demonstrated for surface ripened cheeses (Nic-
cum et al., 2020). Bacteriophages strongly affect the structure and
microdiversity of mixed strain starters (see Section 4.4 and Zotta et al.,
2021, for a review). Strain specific behaviours and response to positive
(indirect effects due to change in pH; direct effects due to cross-feeding
relationships possibly related to the availability of iron, vitamins, amino
acids) and negative (amensalism, competition) relationships in simpli-
fied communities including combinations of different strains of Staphy-
lococcus  equorum, Brachybacterium alimentarium, Brevibacterium
aurantiacum and a Penicillium strain, in simulated cheese-rind experi-
ments, result in different community assemblies, which are reflected by
changes in quality relevant feature (volatile compounds, colour). Strain
specific relationships were also found in interactions mediated by vol-
atile compounds (Cosetta et al., 2020).

Although HTS methods targeting protein-coding genes have been
used to study the structure of population of key bacterial species (see
Bertuzzi et al., 2018; Moser et al., 2018; Walsh et al., 2020 for recent
reviews), they can only detect sequence variants of selected genes, not
strains. Shotgun metagenomic approaches can provide full resolution for
both bacterial strains and bacteriophages (Afshari et al., 2018, 2020;
Somerville et al., 2019, 2021; Walsh et al., 2020). However, the cost and
the need for computing resources is still significantly higher compared
to amplicon targeted approaches, and, as a result, shotgun metagenomic
studies typically have a lower number of samples. In addition, the
relatively low diversity of some cheese microbial communities may
prevent the detection of the less abundant members of the microbiota: in
fact, using a combination of short-reads and long-read de novo assem-
blies, Somerville et al. (2019, 2021) only found a very low number of
strains in Emmental and Gruyere cheese and related starter cultures.
This low diversity may be due to population bottlenecks caused by
repeated propagation under selective conditions, and may be common
to several traditional cheese types (Erkus et al., 2013, 2016; Zotta et al.,
2021). Improvements in sequencing technology and in bioinformatic
pipelines (Hildebrand, 2021) and integration between metagenomics,
metatranscriptomics and metabolomics, and custom designed qPCR
methods to quantitatively monitor single strains or lineages may offer
great potential for the study of ecological and metabolic interaction in
cheese (Erkus et al., 2013; Niccum et al., 2020).

4.3. Model-based approaches and effect of environmental variables

Correlation or conditional dependence tools used for the inference of
microbial association networks may be unable to detect some negative
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interactions (like amensalism; Weiss et al., 2016), especially in cross
sectional studies based on compositional data. In addition, they may be
unable to properly separate the effect of habitat filtering if environ-
mental variables are not included (see Section 2.2.2). The number of
time series studies using metataxonomic or meta-omic approaches for
the study of the dynamics of cheese microbiota is increasing (Choi et al.,
20205 De Filippis et al., 2016; De Pasquale et al., 2014), and the lack of
quantitative measurements of the target genes and the lack of metadata
related to significant environmental variables (temperature, pH, ay, salt
in moisture) prevents the use of model-based approaches for the infer-
ence of microbial interactions. In principle, using absolute quantifica-
tion of the total amount of target (16S RNA or RNA gene) is possible, and
has been attempted in a few studies (Cauchie et al., 2017; Fougy et al.,
2016; Rouger et al., 2018; Zotta et al., 2019). However, only rarely have
attempts been made to use these data to study the dynamics of members
of the bacterial community (Zotta et al., 2019). In addition, when DNA is
used as a target the question of the viability of the detected taxa remains
open, and qPCR of 16S rRNA or rRNA gene can only provide partial
indications of the real abundance of a given taxon, given the differences
in copy numbers of these targets (Vetrovsky and Baldrian, 2013). On the
other hand, lineage specific gPCR methods have successfully been used
to study the dynamics of individual strains or groups of strains in cheese
(Erkus et al., 2013, 2016). Viability PCR with ethidium monoazide
(EMA) or propidium monoazide (PMA) is one method for inferring
which portion of a microbial community is active (Emerson et al., 2017)
and has been used in cheese (Erkus et al., 2016; Porcellato and Skeie,
2016) and milk and milk environments (Kable et al., 2019). Although
the technique needs to carefully standardized and validated, because of
potential biases (Emerson et al., 2017) it is certainly a promising
approach for the detection of the dynamics of the viable portion of
cheese microbial communities.

Therefore, in principle, use of time series metataxonomic data,
possibly coupled to viability PCR and model-based inference methods
may be feasible and may be used to test in cheese model complex in-
teractions after their preliminary evaluation in simplified laboratory
models. MetaMis is one example of software packages using model-
based inference (Shaw et al, 2016). More study with properly
designed experiments is definitely needed in this area.

4.4. Phage-bacteria interaction networks

Bacteriophage infections of starter bacteria are the main cause of
failure of cheese fermentations when defined starter cultures are used
(Erkus et al., 2013; Zotta et al., 2021). Even when the more phage-
tolerant undefined starter cultures are used, bacteriophages have a
dramatic impact on the structure and dynamics of bacterial populations
and communities (Erkus et al., 2013). In the latter case they have been
found to be important in maintaining the equilibrium in complex asso-
ciation by a “kill the winner” mechanism (Erkus et al., 2013; Flores et al.,
2011): bacteriophages killing of the most competitive strains prevent the
elimination of the slow-growing strains from cultures reproduced by
back-slopping. Even if bacteriophages of starter species are more
frequently studies, several non-starter bacteria which are important in
surface ripened cheeses (Brevibacterium, Glutamicibacter, Microbacterium,
etc.: Jacobs-Sera et al., 2020; Klyczek et al., 2017; de Melo et al., 2020)
or Swiss-type cheese (Propionibacterium: Cheng et al., 2018) are also
known and, in some cases might be responsible of defects in cheese.
More recently, metavirome studies are being carried out in starter cul-
tures and in cheeses (Colombo et al., 2018; Dugat-Bony et al., 2020;
Frantzen and Holo, 2019; Muhammed et al., 2017; Queiroz et al., 2021)
and are allowing the discovery of novel bacteriophage-host interactions
relevant to cheese ecology and quality.

Phage-Bacteria Interaction Networks (PBINs) are typically repre-
sented as bipartite networks (see Section 2.1). Their statistical structure
has been elucidated (Flores et al., 2011; Weitz et al., 2013), and dif-
ferences between the structure of PBINs for Lactococcus (which tend to
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show nestedness) and S. thermophilus (which tend to be modular) have
been attributed to the differences in phage resistance mechanisms in
these species.

To the best of our knowledge, approaches based on bipartite network
analysis have not been recently used to elucidate the structure of PBINs
of dairy microorganisms. The development of new high-throughput
approaches for the study of the metavirome in dairy products (see
Zotta et al., 2021 for a recent review) combined with network science
approaches is certainly promising in studying the evolution of
bacteriophage-host relationships in natural starters and cheese in self-
assembled communities (Canon et al., 2020) in cheese manufacture. In
fact, many traditional cheeses are still produced by using undefined
starters reproduced by back-slopping (Zotta et al., 2021), and dispersal,
diversification, evolution and drift (Nemergut et al., 2013) all play a role
in shaping the structure, dynamics and function of microbial commu-
nities, at least in early stages of cheese-making.

Finally, beyond their role in regulating the structure of bacterial
populations, bacteriophages (and prophages) may have other beneficial
effects in microbial communities (induction of lysis, with release on
nutrients for other members of the community; providing mechanisms
for recombination and gene exchange; Paillet and Dugat-Bony, 2021).

Use of the concepts and computational approaches of bipartite
network analysis (available, for example in the R bipartite package;
Dormann et al., 2009) may be of assistance to both scientists interested
in studying the structure and evolution of PBINs in cheese and to starter
companies seeking to develop phage rotation schemes by facilitating the
identification of potential hub strains and the identification of modules
of virulent phages and susceptible strains.

Declaration of competing interest

The authors declare that they have no known competing financial
interests or personal relationships that could have appeared to influence
the work reported in this paper.

Acknowledgements

This research did not receive any specific grant from funding
agencies in the public, commercial, or not-for-profit sectors.

References

Abreu, N.A., Taga, M.E., 2016. Decoding molecular interactions in microbial
communities. FEMS Microbiol. Rev. 40, 648-663. https://doi.org/10.1093/femsre/
fuw019.

Afshari, R., Pillidge, C.J., Dias, D.A., Osborn, A.M., Gill, H., 2018. Cheesomics: the future
pathway to understanding cheese flavour and quality. Crit. Rev. Food Sci. 60, 1-15.
https://doi.org/10.1080/10408398.2018.1512471.

Afshari, R., Pillidge, C.J., Dias, D.A., Osborn, A.M., Gill, H., 2020. Microbiota and
metabolite profiling combined with integrative analysis for differentiating cheeses of
varying ripening ages. Front. Microbiol. 11, 592060 https://doi.org/10.3389/
fmicb.2020.592060.

Anast, J.M., Schmitz-Esser, S., 2020. The transcriptome of Listeria monocytogenes during
co-cultivation with cheese rind bacteria suggests adaptation by induction of
ethanolamine and 1,2-propanediol catabolism pathway genes. PLoS One 15,
e0233945. https://doi.org/10.1371/journal.pone.0233945.

Baer, A., 1995. Influence of casein proteolysis by starter bacteria, rennet and plasmin on
the growth of propionibacteria in swiss-type cheese. Lait 75, 391-400. https://doi.
org/10.1051/1ait:19954-529.

Banerjee, S., Schlaeppi, K., van der Heijden, M.G.A., 2018. Keystone taxa as drivers of
microbiome structure and functioning. Nat. Rev. Microbiol. 16, 567-576. https://
doi.org/10.1038/541579-018-0024-1.

Bertuzzi, A.S., Walsh, A.M., Sheehan, J.J., Cotter, P.D., Crispie, F., McSweeney, P.L.H.,
Kilcawley, K.N., Rea, M.C., 2018. Omics-based insights into flavor development and
microbial succession within surface-ripened cheese. mSystems 3, 49. https://doi.
org/10.1128/msystems.00211-17.

Blaya, J., Barzideh, Z., LaPointe, G., 2017. Symposium review: interaction of starter
cultures and nonstarter lactic acid bacteria in the cheese environment. J. Dairy Sci.
101, 3611-3629. https://doi.org/10.3168/jds.2017-13345.

Bokulich, N.A., Mills, D.A., 2013. House microbiome drives microbial landscapes of
artisan cheesemaking plants. Appl. Environ. Microbiol. 79 https://doi.org/10.1128/
aem.00934-13.


https://doi.org/10.1093/femsre/fuw019
https://doi.org/10.1093/femsre/fuw019
https://doi.org/10.1080/10408398.2018.1512471
https://doi.org/10.3389/fmicb.2020.592060
https://doi.org/10.3389/fmicb.2020.592060
https://doi.org/10.1371/journal.pone.0233945
https://doi.org/10.1051/lait:19954-529
https://doi.org/10.1051/lait:19954-529
https://doi.org/10.1038/s41579-018-0024-1
https://doi.org/10.1038/s41579-018-0024-1
https://doi.org/10.1128/msystems.00211-17
https://doi.org/10.1128/msystems.00211-17
https://doi.org/10.3168/jds.2017-13345
https://doi.org/10.1128/aem.00934-13
https://doi.org/10.1128/aem.00934-13

E. Parente et al.

Bonham, K.S., Wolfe, B.E., Dutton, R.J., 2017. Extensive horizontal gene transfer in
cheese-associated bacteria. eLife 6, €22144. https://doi.org/10.7554/elife.22144,

Boucher, C.L., Courant, F., Royer, A.-L., Jeanson, S., Lortal, S., Dervilly-Pinel, G.,
Thierry, A., Bizec, B.L., 2015a. LC-HRMS fingerprinting as an efficient approach to
highlight fine differences in cheese metabolome during ripening. Metabolomics 11,
1117-1130. https://doi.org/10.1007/s11306-014-0769-0.

Boucher, C.L., Gagnaire, V., Briard-Bion, V., Jardin, J., Maillard, M.-B., Dervilly-Pinel, G.,
Bizec, B.L., Lortal, S., Jeanson, S., Thierry, A., 2015b. Spatial distribution of
Lactococcus lactis colonies modulates the production of major metabolites during the
ripening of a model cheese. Appl. Environ. Microbiol. 82, 202-210. https://doi.org/
10.1128/aem.02621-15.

Callon, C., Saubusse, M., Didienne, R., Buchin, S., Montel, M.C., 2011. Simplification of a
complex microbial antilisterial consortium to evaluate the contribution of its flora in
uncooked pressed cheese. Int. J. Food Microbiol. 145, 379-389. https://doi.org/
10.1016/j.ijfoodmicro.2010.12.019.

Callon, C., Retureau, E., Didienne, R., Montel, M.C., 2014. Microbial biodiversity in
cheese consortia and comparative Listeria growth on surfaces of uncooked pressed
cheeses. Int. J. Food Microbiol. 174, 98-109. https://doi.org/10.1016/j.
ijfoodmicro.2014.01.003.

Canon, F., Nidelet, T., Guédon, E., Thierry, A., Gagnaire, V., 2020. Understanding the
mechanisms of positive microbial interactions that benefit lactic acid bacteria co-
cultures. Front. Microbiol. 11, 2088. https://doi.org/10.3389/fmicb.2020.02088.

Carvalho, M.M., Filho, E.G.A., Silva, L.M.A., Martins, F.I.C.C., Matioli, A.L., Oliveira, E.
E., Rodrigues, T.H.S., Ferreira, C.L.L.F., da Silva, N.M., Zocolo, G.J., Lindner, J.D.D.,
2020. Chemometric evaluation of the metabolites and volatile profiles of mite-
ripened cheeses. Int. Dairy J. 110, 104806 https://doi.org/10.1016/j.
idairyj.2020.104806.

Cauchie, E., Gand, M., Kergourlay, G., Taminiau, B., Delhalle, L., Korsak, N., Daube, G.,
2017. The use of 16S rRNA gene metagenetic monitoring of refrigerated food
products for understanding the kinetics of microbial subpopulations at different
storage temperatures: the example of white pudding. Int. J. Food Microbiol. 247,
70-78. https://doi.org/10.1016/j.ijfoodmicro.2016.10.012.

Cheng, L., Marinelli, L.J., Grosset, N., Fitz-Gibbon, S.T., Bowman, C.A., Dang, B.Q.,
Russell, D.A., Jacobs-Sera, D., Shi, B., Pellegrini, M., Miller, J.F., Gautier, M.,
Hatfull, G.F., Modlin, R.L., 2018. Complete genomic sequences of Propionibacterium
freudenreichii phages from swiss cheese reveal greater diversity than Cutibacterium
(formerly Propionibacterium) acnes phages. BMC Microbiol. 18, 19. https://doi.org/
10.1186/512866-018-1159-y.

Chiquet, J., Mariadassou, M., Robin, S., 2021. The poisson-lognormal model as a
versatile framework for the joint analysis of species abundances. Front. Ecol. Evol. 9,
588292 https://doi.org/10.3389/fevo.2021.588292.

Choi, J., Lee, S.I., Rackerby, B., Frojen, R., Goddik, L., Ha, S.-D., Park, S.H., 2020.
Assessment of overall microbial community shift during Cheddar cheese production
from raw milk to aging. Appl. Microbiol. Biot. 104, 6249-6260. https://doi.org/
10.1007/s00253-020-10651-7.

Cleary, J.L., Kolachina, S., Wolfe, B.E., Sanchez, L.M., 2018. Coproporphyrin IIT
produced by the bacterium Glutamicibacter arilaitensis binds zinc and is upregulated
by fungi in cheese rinds. Msystems 3, e00036-18. https://doi.org/10.1128/
msystems.00036-18.

Colombo, S., Arioli, S., Gargari, G., Neri, E., Scala, G.D., Mora, D., 2018. Characterization
of airborne viromes in cheese production plants. J. Appl. Microbiol. 125,
1444-1454. https://doi.org/10.1111/jam.14046.

Cosetta, C.M., Wolfe, B.E., 2019. Causes and consequences of biotic interactions within
microbiomes. Curr. Opin. Microbiol. 50, 35-41. https://doi.org/10.1016/j.
mib.2019.09.004.

Cosetta, C.M., Wolfe, B.E., 2020. Deconstructing and reconstructing cheese rind
microbiomes for experiments in microbial ecology and evolution. Curr. Protoc.
Microbiol. 56, €95 https://doi.org/10.1002/cpmc.95.

Cosetta, C.M., Kfoury, N., Robbat, A., Wolfe, B.E., 2020. Fungal volatiles mediate cheese
rind microbiome assembly. Environ. Microbiol. 22, 4745-4760. https://doi.org/
10.1111/1462-2920.15223.

Czéran, T., Rattray, F.P., Mgller, C.O.de A., Christensen, B.B., 2018. Modelling the
influence of metabolite diffusion on non-starter lactic acid bacteria growth in
ripening cheddar cheese. Int. Dairy J. 80, 35-45. https://doi.org/10.1016/j.
idairyj.2017.12.010.

D’Souza, G., Shitut, S., Preussger, D., Yousif, G., Waschina, S., Kost, C., 2018. Ecology
and evolution of metabolic cross-feeding interactions in bacteria. Nat. Prod. Rep. 35,
455-488. https://doi.org/10.1039/c8np00009c.

De Filippis, F., La Storia, A., Stellato, G., Gatti, M., Ercolini, D., 2014. A selected core
microbiome drives the early stages of three popular Italian cheese manufactures.
PLoS One 9, e89680. https://doi.org/10.1371/journal.pone.0089680.

De Filippis, F., Genovese, A., Ferranti, P., Gilbert, J.A., Ercolini, D., 2016.
Metatranscriptomics reveals temperature-driven functional changes in microbiome
impacting cheese maturation rate. Sci. Rep. 6, 21871. https://doi.org/10.1038/
srep21871.

de Melo, A.G., Rousseau, G.M., Tremblay, D.M., Labrie, S.J., Moineau, S., 2020. DNA
tandem repeats contribute to the genetic diversity of brevibacterium aurantiacum
phages. Environ. Microbiol. 22, 3413-3428. https://doi.org/10.1111/1462-
2920.15113.

De Pasquale, I., Calasso, M., Mancini, L., Ercolini, D., La Storia, A., De Angelis, M., Di
Cagno, R., Gobbetti, M., 2014. Causal relationship between microbial ecology
dynamics and proteolysis during manufacture and ripening of canestrato pugliese
PDO cheese. Appl. Environ. Microbiol. 80, 4085-4094. https://doi.org/10.1128/
aem.00757-14.

Delmas, E., Besson, M., Brice, M., Burkle, L.A., Riva, G.V.D., Fortin, M., Gravel, D.,
Guimaraes, P.R., Hembry, D.H., Newman, E.A., Olesen, J.M., Pires, M.M., Yeakel, J.

10

International Journal of Food Microbiology 368 (2022) 109618

D., Poisot, T., 2019. Analysing ecological networks of species interactions. Biol. Rev.
94, 16-36. https://doi.org/10.1111/brv.12433.

Desfossés-Foucault, E., LaPointe, G., Roy, D., 2014. Transcription profiling of
interactions between Lactococcus lactis subsp. cremoris SK11 and Lactobacillus
paracasei ATCC 334 during Cheddar cheese simulation. Int. J. Food Microbiol. 178,
76-86. https://doi.org/10.1016/j.ijfoodmicro.2014.03.004.

Dormann, C.F., Frund, J., Bluthgen, N., Gruber, B., 2009. Indices, graphs and null
models: analyzing bipartite ecological networks. Open Ecol J 2, 7-24. https://doi.
org/10.2174/1874213000902010007.

Dugat-Bony, E., Lossouarn, J., Paepe, M.D., Sarthou, A.-S., Fedala, Y., Petit, M.-A.,
Chaillou, S., 2020. Viral metagenomic analysis of the cheese surface: a comparative
study of rapid procedures for extracting viral particles. Food Microbiol. 85, 103278
https://doi.org/10.1016/j.fm.2019.103278.

Dunne, J.A., Williams, R.J., Martinez, N.D., 2002. Food-web structure and network
theory: the role of connectance and size. Proc. Natl. Acad. Sci. U. S. A. 99,
12917-12922. https://doi.org/10.1073/pnas.192407699.

Emerson, J.B., Adams, R.I., Roman, C.M.B., Brooks, B., Coil, D.A., Dahlhausen, K.,
Ganz, H.H., Hartmann, E.M., Hsu, T., Justice, N.B., Paulino-Lima, I.G., Luongo, J.C.,
Lymperopoulou, D.S., Gomez-Silvan, C., Rothschild-Mancinelli, B., Balk, M.,
Huttenhower, C., Nocker, A., Vaishampayan, P., Rothschild, L.J., 2017.
Schrodinger’s microbes: tools for distinguishing the living from the dead in
microbial ecosystems. Microbiome 5, 86. https://doi.org/10.1186/540168-017-
0285-3.

Eppert, L., Valdés-Stauber, N., G6tz, H., Busse, M., Scherer, S., 1997. Growth reduction of
Listeria spp. Caused by undefined industrial red smear cheese cultures and
bacteriocin-producing Brevibacterium linens as evaluated in situ on soft cheese. Appl.
Environ. Microbiol. 63, 4812-4817. https://doi.org/10.1128/aem.63.12.4812-
4817.1997.

Ercolini, D., Hill, P.J., Dodd, C.E.R., 2003. Bacterial community structure and location in
Stilton cheese. Appl. Environ. Microbiol. 69, 3540-3548. https://doi.org/10.1128/
aem.69.6.3540-3548.2003.

Erkus, O., de Jager, V.C., Spus, M., van Alen-Boerrigter, 1.J., van Rijswijck, I.M.,
Hazelwood, L., Janssen, P.W., van Hijum, S.A., Kleerebezem, M., Smid, E.J., 2013.
Multifactorial diversity sustains microbial community stability. ISME J. 7,
2126-2136. https://doi.org/10.1038/ismej.2013.108.

Erkus, O., de Jager, V.C.L., Geene, R.T.C.M., van Alen-Boerrigter, 1., Hazelwood, L., van
Hijum, S.A.F.T., Kleerebezem, M., Smid, E.J., 2016. Use of propidium monoazide for
selective profiling of viable microbial cells during gouda cheese ripening. Int. J. Food
Microbiol. 228, 1-9. https://doi.org/10.1016/j.ijfoodmicro.2016.03.027.

Escobar-Zepeda, A., Sanchez-Flores, A., Baruch, M.Q., 2016. Metagenomic analysis of a
Mexican ripened cheese reveals a unique complex microbiota. Food Microbiol. 57,
116-127. https://doi.org/10.1016/j.fm.2016.02.004.

Faust, K., Raes, J., 2016. CoNet app: inference of biological association networks using
Cytoscape. F1000Research 5. https://doi.org/10.12688/f1000research.9050.2,
1519-14.

Faust, K., Sathirapongsasuti, J.F., Izard, J., Segata, N., Gevers, D., Raes, J.,
Huttenhower, C., 2012. Microbial co-occurrence relationships in the human
microbiome. PLoS Comput. Biol. 8, €1002606 https://doi.org/10.1371/journal.
pcbi.1002606.

Faust, K., Lima-Mendez, G., Lima-Mendez, G., Lerat, J.-S., Lerat, J.-S.,
Sathirapongsasuti, J.F., Sathirapongsasuti, J.F., Knight, R., Huttenhower, C.,
Lenaerts, T., Lenaerts, T., Raes, J., 2015. Cross-biome comparison of microbial
association networks. Front. Microbiol. 6, 1200. https://doi.org/10.3389/
fmicb.2015.01200.

Favaro, L., Penna, A.L.B., Todorov, S.D., 2015. Bacteriocinogenic LAB from cheeses —
application in biopreservation? Trends food sciTechnol. 41, 37-48. https://doi.org/
10.1016/j.tifs.2014.09.001.

Flores, C.O., Meyer, J.R., Valverde, S., Farr, L., Weitz, J.S., 2011. Statistical structure of
host-phage interactions. Proc. Natl. Acad. Sci. 108, E288-E297. https://doi.org/
10.1073/pnas.1101595108.

Floury, J., Mourdi, L.E., Silva, J.V.C., Lortal, S., Thierry, A., Jeanson, S., 2015. Diffusion
of solutes inside bacterial colonies immobilized in model cheese depends on their
physicochemical properties: a time-lapse microscopy study. Front. Microbiol. 6, 366.
https://doi.org/10.3389/fmicb.2015.00366.

Fougy, L., Desmonts, M.-H., Coeuret, G., Fassel, C., Hamon, E., Hezard, B., Champomier-
Verges, M.C., Chaillou, S., 2016. Reducing salt in raw pork sausages increases
spoilage and correlates with reduced bacterial diversity. Appl. Environ. Microbiol.
82, 3928-3939. https://doi.org/10.1128/aem.00323-16.

Frantzen, C.A., Holo, H., 2019. Unprecedented diversity of lactococcal group 936
bacteriophages revealed by amplicon sequencing of the portal protein gene. Viruses
11, 443. https://doi.org/10.3390/v11050443.

Friedman, J., Alm, E.J., 2012. Inferring correlation networks from genomic survey data.
PLoS Comput. Biol. 8, €1002687 https://doi.org/10.1371/journal.pcbi.1002687.

Frohlich-Wyder, M.-T., Bachmann, H.-P., Casey, M.G., 2002. Interaction between
propionibacteria and starter/non-starter lactic acid bacteria in Swiss-type cheeses.
Lait 82, 1-15. https://doi.org/10.1051/1ait:2001001.

Fusco, V., Chieffi, D., Fanelli, F., Logrieco, A.F., Cho, G.-S., Kabisch, J., Bohnlein, C.,
Franz, C.M.A.P., 2020. Microbial quality and safety of milk and milk products in the
21st century. Compr. Rev. Food Sci. https://doi.org/10.1111/1541-4337.12568.

Gobbetti, M., Di Cagno, R., Calasso, M., Neviani, E., Fox, P.F., De Angelis, M., 2018.
Drivers that establish and assembly the lactic acid bacteria biota in cheeses. Trends
Food Sci. Technol. 78, 244-254. https://doi.org/10.1016/j.tifs.2018.06.010.

Guitian, M.V., Ibarguren, C., Soria, M.C., Hovanyecz, P., Banchio, C., Audisio, M.C.,
2019. Anti-Listeria monocytogenes effect of bacteriocin-incorporated agar edible
coatings applied on cheese. Int. Dairy J. 97, 92-98. https://doi.org/10.1016/j.
idairyj.2019.05.016.


https://doi.org/10.7554/elife.22144
https://doi.org/10.1007/s11306-014-0769-0
https://doi.org/10.1128/aem.02621-15
https://doi.org/10.1128/aem.02621-15
https://doi.org/10.1016/j.ijfoodmicro.2010.12.019
https://doi.org/10.1016/j.ijfoodmicro.2010.12.019
https://doi.org/10.1016/j.ijfoodmicro.2014.01.003
https://doi.org/10.1016/j.ijfoodmicro.2014.01.003
https://doi.org/10.3389/fmicb.2020.02088
https://doi.org/10.1016/j.idairyj.2020.104806
https://doi.org/10.1016/j.idairyj.2020.104806
https://doi.org/10.1016/j.ijfoodmicro.2016.10.012
https://doi.org/10.1186/s12866-018-1159-y
https://doi.org/10.1186/s12866-018-1159-y
https://doi.org/10.3389/fevo.2021.588292
https://doi.org/10.1007/s00253-020-10651-7
https://doi.org/10.1007/s00253-020-10651-7
https://doi.org/10.1128/msystems.00036-18
https://doi.org/10.1128/msystems.00036-18
https://doi.org/10.1111/jam.14046
https://doi.org/10.1016/j.mib.2019.09.004
https://doi.org/10.1016/j.mib.2019.09.004
https://doi.org/10.1002/cpmc.95
https://doi.org/10.1111/1462-2920.15223
https://doi.org/10.1111/1462-2920.15223
https://doi.org/10.1016/j.idairyj.2017.12.010
https://doi.org/10.1016/j.idairyj.2017.12.010
https://doi.org/10.1039/c8np00009c
https://doi.org/10.1371/journal.pone.0089680
https://doi.org/10.1038/srep21871
https://doi.org/10.1038/srep21871
https://doi.org/10.1111/1462-2920.15113
https://doi.org/10.1111/1462-2920.15113
https://doi.org/10.1128/aem.00757-14
https://doi.org/10.1128/aem.00757-14
https://doi.org/10.1111/brv.12433
https://doi.org/10.1016/j.ijfoodmicro.2014.03.004
https://doi.org/10.2174/1874213000902010007
https://doi.org/10.2174/1874213000902010007
https://doi.org/10.1016/j.fm.2019.103278
https://doi.org/10.1073/pnas.192407699
https://doi.org/10.1186/s40168-017-0285-3
https://doi.org/10.1186/s40168-017-0285-3
https://doi.org/10.1128/aem.63.12.4812-4817.1997
https://doi.org/10.1128/aem.63.12.4812-4817.1997
https://doi.org/10.1128/aem.69.6.3540-3548.2003
https://doi.org/10.1128/aem.69.6.3540-3548.2003
https://doi.org/10.1038/ismej.2013.108
https://doi.org/10.1016/j.ijfoodmicro.2016.03.027
https://doi.org/10.1016/j.fm.2016.02.004
https://doi.org/10.12688/f1000research.9050.2
https://doi.org/10.1371/journal.pcbi.1002606
https://doi.org/10.1371/journal.pcbi.1002606
https://doi.org/10.3389/fmicb.2015.01200
https://doi.org/10.3389/fmicb.2015.01200
https://doi.org/10.1016/j.tifs.2014.09.001
https://doi.org/10.1016/j.tifs.2014.09.001
https://doi.org/10.1073/pnas.1101595108
https://doi.org/10.1073/pnas.1101595108
https://doi.org/10.3389/fmicb.2015.00366
https://doi.org/10.1128/aem.00323-16
https://doi.org/10.3390/v11050443
https://doi.org/10.1371/journal.pcbi.1002687
https://doi.org/10.1051/lait:2001001
https://doi.org/10.1111/1541-4337.12568
https://doi.org/10.1016/j.tifs.2018.06.010
https://doi.org/10.1016/j.idairyj.2019.05.016
https://doi.org/10.1016/j.idairyj.2019.05.016

E. Parente et al.

Guzzon, R., Carafa, I., Tuohy, K., Cervantes, G., Vernetti, L., Barmaz, A., Larcher, R.,
Franciosi, E., 2017. Exploring the microbiota of the red-brown defect in smear-
ripened cheese by 454-pyrosequencing and its prevention using different cleaning
systems. Food Microbiol. 62, 160-168. https://doi.org/10.1016/j.fm.2016.10.018.

Herve-Jimenez, L., Guillouard, 1., Guedon, E., Boudebbouze, S., Hols, P., Monnet, V.,
Maguin, E., Rul, F., 2009. Postgenomic analysis of Streptococcus thermophilus
cocultivated in milk with Lactobacillus delbrueckii subsp. bulgaricus: involvement of
nitrogen, purine, and iron metabolism. Appl. Environ. Microbiol. 75, 2062-2073.
https://doi.org/10.1128/aem.01984-08.

Hickey, C.D., Sheehan, J.J., Wilkinson, M.G., Auty, M.A.E., 2015. Growth and location of
bacterial colonies within dairy foods using microscopy techniques: a review. Front.
Microbiol. 6, 99. https://doi.org/10.3389/fmicb.2015.00099.

Hildebrand, F., 2021. Ultra-resolution metagenomics: when enough is not enough.
mSystems 6, e00881-21. https://doi.org/10.1128/msystems.00881-21.

Hindré, T., Didelot, S., Pennec, J.-P.L., Haras, D., Dufour, A., Vallée-Réhel, K., 2003.
Bacteriocin detection from whole bacteria by matrix-assisted laser desorption
ionization-time of flight mass spectrometry. Appl. Environ. Microbiol. 69,
1051-1058. https://doi.org/10.1128/aem.69.2.1051-1058.2003.

Imran, M., Desmasures, N., Vernoux, J.-P., 2010. From undefined red smear cheese
consortia to minimal model communities both exhibiting similar anti-listerial
activity on a cheese-like matrix. Food Microbiol. 27, 1095-1103. https://doi.org/
10.1016/j.fm.2010.07.016.

Irlinger, F., Mounier, J., 2009. Microbial interactions in cheese: implications for cheese
quality and safety. Curr. Opin. Biotechnol. 20, 142-148. https://doi.org/10.1016/j.
copbio.2009.02.016.

Jacobs-Sera, D., et al., 2020. Genomic diversity of bacteriophages infecting
microbacterium spp. PLoS One 15, e0234636. https://doi.org/10.1371/journal.
pone.0234636.

Jeanson, S., Chadoeuf, J., Madec, M.N., Aly, S., Floury, J., Brocklehurst, T.F., Lortal, S.,
2010. Spatial distribution of bacterial colonies in a model cheese. Appl. Environ.
Microbiol. https://doi.org/10.1128/aem.02233-10.

Jeanson, S., Floury, J., Issulahi, A.A., Madec, M.N., Thierry, A., Lortal, S., 2013.
Microgradients of pH do not occur around Lactococcus colonies in a model cheese.
Appl. Environ. Microbiol. 79, 6516-6518. https://doi.org/10.1128/aem.01678-13.

Jiang, D., Armour, C.R., Hu, C., Mei, M., Tian, C., Sharpton, T.J., Jiang, Y., 2019.
Microbiome multi-omics network analysis: statistical considerations, limitations, and
opportunities. Front. Genet. 10, 995. https://doi.org/10.3389/fgene.2019.00995.

Jonnala, B.R.Y., McSweeney, P.L.H., Sheehan, J.J., Cotter, P.D., 2018. Sequencing of the
cheese microbiome and Its relevance to industry. Front. Microbiol. 9, 1890-12
https://doi.org/10.3389/fmicb.2018.01020.

Juillard, V., Furlan, S., Foucaud, C., Richard, J., 1996. Mixed cultures of proteinase-
positive and proteinase-negative strains of Lactococcus lactis in milk. J. Dairy Sci. 79,
964-970. https://doi.org/10.3168/jds.s0022-0302(96)76447-0.

Kable, M.E., Srisengfa, Y., Xue, Z., Coates, L.C., Marco, M.L., 2019. Viable and total
bacterial populations undergo equipment- and time-dependent shifts during milk
processing. Appl. Environ. Microbiol. 85, 190. https://doi.org/10.1128/aem.00270-
19.

Kastman, E.K., Kamelamela, N., Norville, J.W., Cosetta, C.M., Dutton, R.J., Wolfe, B.E.,
2016. Biotic interactions shape the ecological distributions of Staphylococcus species.
mBio 7. https://doi.org/10.1128/mbio.01157-16 e01157-16-13.

Klyczek, K.K., et al., 2017. Tales of diversity: genomic and morphological characteristics
of forty-six arthrobacter phages. PLoS One 12, e0180517. https://doi.org/10.1371/
journal.pone.0180517.

Kurtz, Z.D., Miiller, C.L., Miraldi, E.R., Littman, D.R., Blaser, M.J., Bonneau, R.A., 2015.
Sparse and compositionally robust inference of microbial ecological networks. PLoS
Comput. Biol. 11, e1004226 https://doi.org/10.1371/journal.pcbi.1004226.

Layeghifard, M., Hwang, D.M., Guttman, D.S., 2017. Disentangling interactions in the
microbiome: a network perspective. Trends Microbiol. 25, 217-228. https://doi.org/
10.1016/j.tim.2016.11.008.

Liu, Z., Ma, A., Mathé, E., Merling, M., Ma, Q., Liu, B., 2020. Network analyses in
microbiome based on high-throughput multi-omics data. Brief. Bioinform. https://
doi.org/10.1093/bib/bbaa005.

Lozo, J., Topisirovic, L., Kojic, M., 2021. Natural bacterial isolates as an inexhaustible
source of new bacteriocins. Appl. Microbiol. Biotechnol. 105, 477-492. https://doi.
org/10.1007/500253-020-11063-3.

Ma, Z.S., 2018. The P/N (Positive-to-negative links) ratio in complex networks—a
promising in silico biomarker for detecting changes occurring in the human
microbiome. Microb. Ecol. 75, 1-11. https://doi.org/10.1007/500248-017-1079-7.

Malakar, P.K., Brocklehurst, T.F., Mackie, A.R., Wilson, P.D.G., Zwietering, M.H., van't
Riet, K., 2000. Microgradients in bacterial colonies: use of fluorescence ratio
imaging, a non-invasive technique. Int. J. Food Microbiol. 56, 71-80. https://doi.
0rg/10.1016/50168-1605(00)00222-1.

Malakar, P.K., Barker, G.C., Zwietering, M.H., van’t Riet, K., 2003. Relevance of
microbial interactions to predictive microbiology. Int. J. Food Microbiol. 84,
263-272. https://doi.org/10.1016/50168-1605(02)00424-5.

Marecellino, N., Benson, D.R., 2014. The good, the bad, and the ugly: tales of mold-
ripened cheese. Microbiol. Spectr. 1, 95-131. https://doi.org/10.1128/
microbiolspec.cm-0005-12.

Mayo, B., Rodriguez, J., Vazquez, L., Flérez, A.B., 2021. Microbial interactions within the
cheese ecosystem and their application to improve quality and safety. Foods 10, 602.
https://doi.org/10.3390/foods10030602.

Meinshausen, N., Bithlmann, P., 2006. High-dimensional graphs and variable selection
with the lasso. Ann. Stat. 34, 1436-1462. https://doi.org/10.1214/
009053606000000281.

11

International Journal of Food Microbiology 368 (2022) 109618

Morin, M., Pierce, E.C., Dutton, R.J., 2018. Changes in the genetic requirements for
microbial interactions with increasing community complexity. eLife 7, e37072.
https://doi.org/10.7554/elife.37072.

Moser, A., Schafroth, K., Meile, L., Egger, L., Badertscher, R., Irmler, S., 2018. Population
dynamics of Lactobacillus helveticus in Swiss Gruyere-type cheese manufactured with
natural whey cultures. Front. Microbiol. 9, 637. https://doi.org/10.3389/
fmicb.2018.00637.

Mounier, J., Monnet, C., Vallaeys, T., Arditi, R., Sarthou, A.-S., Hélias, A., Irlinger, F.,
2008. Microbial interactions within a cheese microbial community. Appl. Environ.
Microbiol. 74, 172-181. https://doi.org/10.1128/aem.01338-07.

Mounier, J., Coton, M., Irlinger, F., Landaud, S., Bonnarme, P., 2017. Cheese. In: Chapter
38 — Smear-ripened Cheeses, Fourth edition, pp. 955-996. https://doi.org/10.1016/
b978-0-12-417012-4.00038-7.

Muhammed, M.K., Kot, W., Neve, H., Mahony, J., Castro-Mejia, J.L., Krych, L., Hansen, L.
H., Nielsen, D.S., Sgrensen, S.J., Heller, K.J., Sinderen, D.van, Vogensen, F.K., 2017.
Metagenomic analysis of dairy bacteriophages: extraction method and pilot study on
whey samples derived from using undefined and defined mesophilic starter cultures.
Appl. Environ. Microb. 83, e00888-17 https://doi.org/10.1128/aem.00888-17.

Nagpal, S., Singh, R., Yadav, D., Mande, S.S., 2020. MetagenoNets: comprehensive
inference and meta-insights for microbial correlation networks. Nucleic Acids Res.
48, W572-W579. https://doi.org/10.1093/nar/gkaa254.

Nemergut, D.R., Schmidt, S.K., Fukami, T., O’Neill, S.P., Bilinski, T.M., Stanish, L.F.,
Knelman, J.E., Darcy, J.L., Lynch, R.C., Wickey, P., Ferrenberg, S., 2013. Patterns
and processes of microbial community assembly. Microbiol. Mol. Biol. Rev. 77,
342-356. https://doi.org/10.1128/mmbr.00051-12.

Newman, M., 2010. Networks: An Introduction. Oxford University Press, New York.

Niccum, B.A., Kastman, E.K., Kfoury, N., Robbat, A., Wolfe, B.E., 2020. Strain-level
diversity impacts cheese rind microbiome assembly and function. mSystems 5,
€00149-20. https://doi.org/10.1128/mSystems.00149-20.

Noordman, W.H., Reissbrodt, R., Bongers, R.S., Rademaker, J.L.W., Bockelmann, W.,
Smit, G., 2006. Growth stimulation of Brevibacterium sp. by siderophores. J. Appl.
Microbiol. 101, 637-646. https://doi.org/10.1111/§.1365-2672.2006.0292.8.x.

Paillet, T., Dugat-Bony, E., 2021. Bacteriophage ecology of fermented foods: anything
new under the sun? Curr. Opin. Food Sci. 40, 102-111. https://doi.org/10.1016/j.
cofs.2021.03.007.

Parente, E., Cocolin, L., De Filippis, F., Zotta, T., Ferrocino, 1., O’sullivan, O., Neviani, E.,
De Angelis, M., Cotter, P.D., Ercolini, D., 2016. FoodMicrobionet: a database for the
visualisation and exploration of food bacterial communities based on network
analysis. Int. J. Food Microbiol. 219, 28-37. https://doi.org/10.1016/j.
ijfoodmicro.2015.12.001.

Parente, E., Zotta, T., Faust, K., De Filippis, F., Ercolini, D., 2018. Structure of association
networks in food bacterial communities. Food Microbiol. 73, 49-60. https://doi.org/
10.1016/j.fm.2017.12.010.

Parente, E., De Filippis, F., Ercolini, D., Ricciardi, A., Zotta, T., 2019. Advancing
integration of data on food microbiome studies: FoodMicrobionet 3.1, a major
upgrade of the FoodMicrobionet database. Int. J. Food Microbiol. 305, 108249
https://doi.org/10.1016/j.ijfoodmicro.2019.108249.

Parente, E., Ricciardi, A., Zotta, T., 2020. The microbiota of dairy milk: a review. Int.
Dairy J. 107, 104714 https://doi.org/10.1016/j.idairy}.2020.104714,

Parente, E., Zotta, T., Ricciardi, A., 2022. Microbial association networks in cheese: a
meta-analysis. Int. J. Food Microbiol. https://doi.org/10.1101/2021.07.21.453196.

Peschel, S., Miiller, C.L., von Mutius, E., Boulesteix, A.-L., Depner, M., 2020. NetCoMi:
network construction and comparison for microbiome data in R. Brief. Bioinform.
https://doi.org/10.1093/bib/bbaa290.

Pham, N.-P., Layec, S., Dugat-Bony, E., Vidal, M., Irlinger, F., Monnet, C., 2017.
Comparative genomic analysis of Brevibacterium strains: insights into key genetic
determinants involved in adaptation to the cheese habitat. BMC Genom. 18, 955.
https://doi.org/10.1186/512864-017-4322-1.

Pham, N.-P., Landaud, S., Lieben, P., Bonnarme, P., Monnet, C., 2019. Transcription
profiling reveals cooperative metabolic interactions in a microbial cheese-ripening
community composed of Debaryomyces hansenii, Brevibacterium aurantiacum, and
Hafnia alvei. Front. Microbiol. 10, 1901. https://doi.org/10.3389/
fmicb.2019.01901.

Porcellato, D., Skeie, S.B., 2016. Bacterial dynamics and functional analysis of microbial
metagenomes during ripening of dutch-type cheese. Int. Dairy J. 61, 182-188.
https://doi.org/10.1016/j.idairyj.2016.05.005.

Pujato, S.A., Quiberoni, A., Mercanti, D.J., 2018. Bacteriophages on dairy foods. J. Appl.
Microbiol. 1, 66. https://doi.org/10.1111/jam.14062.

Queiroz, L.L., Lacorte, G.A., Isidorio, W.R., Landgraf, M., Franco, B.D.G.de M., Pinto, U.
M., Hoffmann, C., 2021. High level of interaction between phages and bacteria in an
artisanal raw milk cheese microbial community. biorXiv. https://doi.org/10.1101/
2021.08.03.454940.

Rottjers, L., Faust, K., 2018. From hairballs to hypotheses-biological insights from
microbial networks. FEMS Microbiol. Rev. 42, 761-780. https://doi.org/10.1093/
femsre/fuy030.

Rouger, A., Moriceau, N., Prévost, H., Remenant, B., Zagorec, M., 2018. Diversity of
bacterial communities in french chicken cuts stored under modified atmosphere
packaging. Food Microbiol. 70, 7-16. https://doi.org/10.1016/j.fm.2017.08.013.

Shannon, P., Markiel, A., Ozier, O., Baliga, N.S., Wang, J.T., Ramage, D., Amin, N.,
Schwikowski, B., Ideker, T., 2003. Cytoscape: a software environment for integrated
models of biomolecular interaction networks. Genome Res. 13, 2498-2504. https://
doi.org/10.1101/gr.1239303.

Shaw, G.T.-W., Pao, Y.-Y., Wang, D., 2016. MetaMIS: a metagenomic microbial
interaction simulator based on microbial community profiles. BMC Bioinform. 17,
1-12. https://doi.org/10.1186/512859-016-1359-0.


https://doi.org/10.1016/j.fm.2016.10.018
https://doi.org/10.1128/aem.01984-08
https://doi.org/10.3389/fmicb.2015.00099
https://doi.org/10.1128/msystems.00881-21
https://doi.org/10.1128/aem.69.2.1051-1058.2003
https://doi.org/10.1016/j.fm.2010.07.016
https://doi.org/10.1016/j.fm.2010.07.016
https://doi.org/10.1016/j.copbio.2009.02.016
https://doi.org/10.1016/j.copbio.2009.02.016
https://doi.org/10.1371/journal.pone.0234636
https://doi.org/10.1371/journal.pone.0234636
https://doi.org/10.1128/aem.02233-10
https://doi.org/10.1128/aem.01678-13
https://doi.org/10.3389/fgene.2019.00995
https://doi.org/10.3389/fmicb.2018.01020
https://doi.org/10.3168/jds.s0022-0302(96)76447-0
https://doi.org/10.1128/aem.00270-19
https://doi.org/10.1128/aem.00270-19
https://doi.org/10.1128/mbio.01157-16
https://doi.org/10.1371/journal.pone.0180517
https://doi.org/10.1371/journal.pone.0180517
https://doi.org/10.1371/journal.pcbi.1004226
https://doi.org/10.1016/j.tim.2016.11.008
https://doi.org/10.1016/j.tim.2016.11.008
https://doi.org/10.1093/bib/bbaa005
https://doi.org/10.1093/bib/bbaa005
https://doi.org/10.1007/s00253-020-11063-3
https://doi.org/10.1007/s00253-020-11063-3
https://doi.org/10.1007/s00248-017-1079-7
https://doi.org/10.1016/s0168-1605(00)00222-1
https://doi.org/10.1016/s0168-1605(00)00222-1
https://doi.org/10.1016/s0168-1605(02)00424-5
https://doi.org/10.1128/microbiolspec.cm-0005-12
https://doi.org/10.1128/microbiolspec.cm-0005-12
https://doi.org/10.3390/foods10030602
https://doi.org/10.1214/009053606000000281
https://doi.org/10.1214/009053606000000281
https://doi.org/10.7554/elife.37072
https://doi.org/10.3389/fmicb.2018.00637
https://doi.org/10.3389/fmicb.2018.00637
https://doi.org/10.1128/aem.01338-07
https://doi.org/10.1016/b978-0-12-417012-4.00038-7
https://doi.org/10.1016/b978-0-12-417012-4.00038-7
https://doi.org/10.1128/aem.00888-17
https://doi.org/10.1093/nar/gkaa254
https://doi.org/10.1128/mmbr.00051-12
http://refhub.elsevier.com/S0168-1605(22)00089-7/rf202203081336055856
https://doi.org/10.1128/mSystems.00149-20
https://doi.org/10.1111/j.1365-2672.2006.02928.x
https://doi.org/10.1016/j.cofs.2021.03.007
https://doi.org/10.1016/j.cofs.2021.03.007
https://doi.org/10.1016/j.ijfoodmicro.2015.12.001
https://doi.org/10.1016/j.ijfoodmicro.2015.12.001
https://doi.org/10.1016/j.fm.2017.12.010
https://doi.org/10.1016/j.fm.2017.12.010
https://doi.org/10.1016/j.ijfoodmicro.2019.108249
https://doi.org/10.1016/j.idairyj.2020.104714
https://doi.org/10.1101/2021.07.21.453196
https://doi.org/10.1093/bib/bbaa290
https://doi.org/10.1186/s12864-017-4322-1
https://doi.org/10.3389/fmicb.2019.01901
https://doi.org/10.3389/fmicb.2019.01901
https://doi.org/10.1016/j.idairyj.2016.05.005
https://doi.org/10.1111/jam.14062
https://doi.org/10.1101/2021.08.03.454940
https://doi.org/10.1101/2021.08.03.454940
https://doi.org/10.1093/femsre/fuy030
https://doi.org/10.1093/femsre/fuy030
https://doi.org/10.1016/j.fm.2017.08.013
https://doi.org/10.1101/gr.1239303
https://doi.org/10.1101/gr.1239303
https://doi.org/10.1186/s12859-016-1359-0

E. Parente et al.

Sieuwerts, S., Bok, F.A.M.D., Hugenholtz, J., Vlieg, J.E.T.V.H., 2008. Unraveling
microbial interactions in food fermentations: from classical to genomics approaches.
Appl. Environ. Microbiol. 74, 4997-5007. https://doi.org/10.1128/aem.00113-08.

Sieuwerts, S., Molenaar, D., van Hijum, S.A.F.T., Beerthuyzen, M., Stevens, M.J.A.,
Janssen, P.W.M., Ingham, C.J., de Bok, F.A.M., Vos, W.M.D., Vlieg, J.E.T.V.H., 2010.
Mixed culture transcriptome analysis reveals molecular basis of mixed culture
growth in Streptococcus thermophilus and Lactobacillus bulgaricus. Appl. Environ.
Microbiol. https://doi.org/10.1128/aem.01122-10.

Silva, C.C.G., Silva, S.P.M., Ribeiro, S.C., 2018. Application of bacteriocins and protective
cultures in dairy food preservation. Front. Microbiol. 9, 594. https://doi.org/
10.3389/fmicb.2018.00594.

Smid, E.J., Lacroix, C., 2013. Microbe-microbe interactions in mixed culture food
fermentations. Curr. Opinion Biotechnol. 24, 148-154. https://doi.org/10.1016/j.
copbio.2012.11.007.

Somerville, V., Lutz, S., Schmid, M., Frei, D., Moser, A., Irmler, S., Frey, J.E., Ahrens, C.
H., 2019. Long-read based de novo assembly of low-complexity metagenome
samples results in finished genomes and reveals insights into strain diversity and an
active phage system. BMC Microbiol. 19, 143. https://doi.org/10.1186/512866-019-
1500-0.

Somerville, V., Berthoud, H., Schmidt, R.S., Bachmann, H.-P., Meng, Y.H.,

Fuchsmann, P., von Ah, U., Engel, P., 2021. Functional strain redundancy and
persistent phage infection in swiss hard cheese starter cultures. ISME J. 1-12 https://
doi.org/10.1038/541396-021-01071-0.

Spinnler, H.-E., 2017. Surface mold-ripened cheeses. In: McSweeney, P., Fox, P.,
Cotter, P., Everett, D. (Eds.), Cheese, Fourth edition, Chapter 36. Academic Press,
New York, pp. 911-928. https://doi.org/10.1016/b978-0-12-417012-4.00036-3.

Tackmann, J., Rodrigues, J.F.M., Mering, C.von, 2019. Rapid Inference of direct
interactions in large-scale ecological networks from heterogeneous microbial
sequencing data. Cell Syst. 9 https://doi.org/10.1016/j.cels.2019.08.002, 286-296.
e8.

Trmcié, A., Monnet, C., Rogelj, 1., Matijasi¢, B.B., 2011. Expression of nisin genes in
cheese—a quantitative real-time polymerase chain reaction approach. J. Dairy Sci.
94, 77-85. https://doi.org/10.3168/jds.2010-3677.

12

International Journal of Food Microbiology 368 (2022) 109618

Vétrovsky, T., Baldrian, P., 2013. The variability of the 16S rRNA gene in bacterial
genomes and its consequences for bacterial community analyses. PLoS One 8,
€57923-10. https://doi.org/10.1371/journal.pone.0057923.

Walsh, A.M., Macori, G., Kilcawley, K.N., Cotter, P.D., 2020. Meta-analysis of cheese
microbiomes highlights contributions to multiple aspects of quality. Nat. Food 1,
500-510. https://doi.org/10.1038/s43016-020-0129-3.

Weiss, S., Treuren, W.V., Lozupone, C., Faust, K., Friedman, J., Deng, Y., Xia, L.C., Xu, Z.
Z., Ursell, L., Alm, E.J., Birmingham, A., Cram, J.A., Fuhrman, J.A., Raes, J., Sun, F.,
Zhou, J., Knight, R., 2016. Correlation detection strategies in microbial data sets
vary widely in sensitivity and precision. ISME J. 10, 1669-1681. https://doi.org/
10.1038/ismej.2015.235.

Weitz, J.S., Poisot, T., Meyer, J.R., Flores, C.O., Valverde, S., Sullivan, M.B.,

Hochberg, M.E., 2013. Phage-bacteria infection networks. Trends Microbiol. 21,
82-91. https://doi.org/10.1016/j.tim.2012.11.003.

Wolfe, B.E., Dutton, R.J., 2015. Fermented foods as experimentally tractable microbial
ecosystems. Cell 161, 49-55. https://doi.org/10.1016/j.cell.2015.02.034.

Wolfe, B.E., Button, J.E., Santarelli, M., Dutton, R.J., 2014. Cheese rind communities
provide tractable systems for in situ and in vitro studies of microbial diversity. Cell
158, 422-433. https://doi.org/10.1016/j.cell.2014.05.041.

Yoon, G., Gaynanova, 1., Miiller, C.L., 2019. Microbial networks in SPRING - semi-
parametric rank-based correlation and partial correlation estimation for quantitative
microbiome data. Front. Genet. 10, 516. https://doi.org/10.3389/
fgene.2019.00516.

Zhang, Y., Kastman, E.K., Guasto, J.S., Wolfe, B.E., 2018. Fungal networks shape
dynamics of bacterial dispersal and community assembly in cheese rind
microbiomes. Nat. Commun. 9 https://doi.org/10.1038/541467-017-02522-7,
336-12.

Zotta, T., Parente, E., Ianniello, R.G., De Filippis, F., Ricciardi, A., 2019. Dynamics of
bacterial communities and interaction networks in thawed fish fillets during chilled
storage in air. Int. J. Food Microbiol. 293, 102-113. https://doi.org/10.1016/j.
ijfoodmicro.2019.01.008.

Zotta, T., Ricciardi, A., Condelli, N., Parente, E., 2021. Metataxonomic and metagenomic
approaches for the study of undefined strain starters for cheese manufacture. Crit.
Rev. Food Sci. 1-15 https://doi.org/10.1080/10408398.2020.1870927.


https://doi.org/10.1128/aem.00113-08
https://doi.org/10.1128/aem.01122-10
https://doi.org/10.3389/fmicb.2018.00594
https://doi.org/10.3389/fmicb.2018.00594
https://doi.org/10.1016/j.copbio.2012.11.007
https://doi.org/10.1016/j.copbio.2012.11.007
https://doi.org/10.1186/s12866-019-1500-0
https://doi.org/10.1186/s12866-019-1500-0
https://doi.org/10.1038/s41396-021-01071-0
https://doi.org/10.1038/s41396-021-01071-0
https://doi.org/10.1016/b978-0-12-417012-4.00036-3
https://doi.org/10.1016/j.cels.2019.08.002
https://doi.org/10.3168/jds.2010-3677
https://doi.org/10.1371/journal.pone.0057923
https://doi.org/10.1038/s43016-020-0129-3
https://doi.org/10.1038/ismej.2015.235
https://doi.org/10.1038/ismej.2015.235
https://doi.org/10.1016/j.tim.2012.11.003
https://doi.org/10.1016/j.cell.2015.02.034
https://doi.org/10.1016/j.cell.2014.05.041
https://doi.org/10.3389/fgene.2019.00516
https://doi.org/10.3389/fgene.2019.00516
https://doi.org/10.1038/s41467-017-02522-z
https://doi.org/10.1016/j.ijfoodmicro.2019.01.008
https://doi.org/10.1016/j.ijfoodmicro.2019.01.008
https://doi.org/10.1080/10408398.2020.1870927

	A review of methods for the inference and experimental confirmation of microbial association networks in cheese
	1 Foreword
	2 Network analysis concepts and approaches to the study of microbiota
	2.1 Network science and microbial ecology
	2.1.1 Global network properties
	2.1.2 Node and edge properties

	2.2 Methods for the inference and visualization of networks in microbiome studies
	2.2.1 Network visualization tools
	2.2.2 Inference of microbial associations
	2.2.3 Software for the inference of microbial association networks


	3 Experimental approaches for the validation of interactions predicted by microbial association networks inference
	4 Future prospects
	4.1 Does inference of microbial association networks provide useful information?
	4.2 Down to the strain level
	4.3 Model-based approaches and effect of environmental variables
	4.4 Phage-bacteria interaction networks

	Declaration of competing interest
	Acknowledgements
	References


