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A B S T R A C T

Intraspecific variability of the behavior of most foodborne pathogens is well described and taken into account in
Quantitative Microbial Risk Assessment (QMRA), but factors (strain origin, serotype, …) explaining these dif-
ferences are scarce or contradictory between studies. Nowadays, Whole Genome Sequencing (WGS) offers new
opportunities to explain intraspecific variability of food pathogens, based on various recently published bioin-
formatics tools.

The objective of this study is to get a better insight into different existing bioinformatics approaches to
associate bacterial phenotype(s) and genotype(s). Therefore, a dataset of 51 L. monocytogenes strains, isolated
from multiple sources (i.e. different food matrices and environments) and belonging to 17 clonal complexes
(CC), were selected to represent large population diversity. Furthermore, the phenotypic variability of growth at
low temperature was determined (i.e. qualitative phenotype), and the whole genomes of selected strains were
sequenced. The almost exhaustive gene content, as well as the core genome SNPs based phylogenetic re-
construction, were derived from the whole sequenced genomes. A Bayesian inference method was applied to
identify the branches on which the phenotype distribution evolves within sub-lineages. Two different Genome
Wide Association Studies (i.e. gene- and SNP-based GWAS) were independently performed in order to link
genetic mutations to the phenotype of interest.

The genomic analyses presented in this study were successfully applied on the selected dataset. The Bayesian
phylogenetic approach emphasized an association with “slow” growth ability at 2 °C of the lineage I, as well as
CC9 of the lineage II. Moreover, both gene- and SNP-GWAS approaches displayed significant statistical asso-
ciations with the tested phenotype. A list of 114 significantly associated genes, including genes already known to
be involved in the cold adaption mechanism of L. monocytogenes and genes associated to mobile genetic elements
(MGE), resulted from the gene-GWAS. On the other hand, a group of 184 highly associated SNPs were high-
lighted by SNP-GWAS, including SNPs detected in genes which were already likely involved in cold adaption;
hypothetical proteins; and intergenic regions where for example promotors and regulators can be located.

The successful application of combined bioinformatics approaches associating WGS-genotypes and specific
phenotypes, could contribute to improve prediction of microbial behaviors in food. The implementation of this
information in hazard identification and exposure assessment processes will open new possibilities to feed
QMRA-models.

1. Introduction

In the field of food microbiology, phenotypic strain variability is a
well-known phenomenon (Koutsoumanis and Lianou, 2013). While
studying the behavior of bacterial pathogens in food, it is quite common

to include from several to large collection of strains (Haberbeck et al.,
2015; Van Der Veen et al., 2008). Concerning the main foodborne pa-
thogens, some significant discrepancies have been enlightened while
observing and modelling the strain behaviour. For instance, Aryani
et al. (2015) studied the growth variability of 20 Listeria monocytogenes
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strains in different conditions of pH, water activity (aw), NaCl con-
centration, undissociated lactic acid concentration and temperature
(Aryani et al., 2015). The variability was quantified through model
parameters as minimal growth temperature, Tmin (°C), with values
ranging from −3.3 °C to −1.1 °C. With regard to Bacillus cereus, large
differences for cardinal growth parameters, including minimal, optimal
and maximal growth temperatures, were also described observing the
parameter Topt (°C) from 31.0 °C to 43.1 °C for the 12 studied strains
(Carlin et al., 2013). Haberbeck et al. (2015) investigated the variation
in growth/no growth boundaries of 188 Escherichia coli strains with a
range of minimal pH for growth varying between 3.8 and 4.3 according
to the tested strains (Haberbeck et al., 2015). The inclusion of several
strains is also common when studying other phenotypes which are not
related to predictive modelling. Numerous other examples can be found
concerning the bacterial adhesion or biofilm formation (Lianou and
Koutsoumanis, 2012; Piercey et al., 2017), ability to survive to a stress
(Zoz et al., 2017) or more loosely defined phenotype, such as the ability
to persist in food processing environment (Nowak et al., 2017).

The description of strain variability can by itself be sufficient to
identify the appropriate control measure that should be applied to
guarantee food safety. In such a situation, the strain with higher ability
to survive/grow is the benchmark reference strain. However, char-
acterization of phenotypic variability is usually followed by statistical
association studies on qualitative data characterizing the strains and the
observed phenotypic differences. According to the pathogen, several
factors of interest may explain the observed variability. They usually
rely on the isolation origin of the strain, on some sub-typing char-
acteristics (i.e. serotype) or even on any relevant presence/absence of
markers (Carlin et al., 2013; Shabala et al., 2008; Van Der Veen et al.,
2008). For example, Carlin et al. (2013) demonstrated a clear correla-
tion between different phylogenetic groups of B. cereus and the adap-
tation to temperature, pH and aw. In contrast, other studies focusing on
phenotypic strain variability failed to detect associations between fac-
tors as the strain serotype or origin (Shabala et al., 2008; Van Der Veen
et al., 2008).

These examples demonstrate that there is a need of new analytical
approaches in order to identify genetic markers predicting bacterial
behaviors. Based on the expansion of WGS technologies, as well as the
recent development of open source bioinformatics tools associating
mutations and bacterial phenotypes, it is now possible to detect genetic
elements involved in given binary or continuous phenotypes (Lees and
Bentley, 2016; Power et al., 2017).

Almost all information about the phenotypic behaviors is encoded
in the microbial DNA (Chen and Shapiro, 2015). Association studies
between this genetic information and phenotypic traits of interest can
be performed at different levels of genetic elements, such as the pre-
sence/absence of specific genes (Brynildsrud et al., 2016), k-mers (Earle
et al., 2016; Lees et al., 2016; Marinier et al., 2017) or single nucleotide
polymorphisms (SNPs) (Collins and Didelot, 2018; Earle et al., 2016).

Genome Wide Association Studies (GWAS) have been recently de-
veloped and applied on bacterial genomes, mainly focusing on clini-
cally relevant phenotypes such as virulence (Buchanan et al., 2017;
Kremer et al., 2017; Laabei et al., 2014; Pielaat et al., 2015) and anti-
biotic resistance (Earle et al., 2016; Salipante et al., 2015). Up to our
knowledge, a limited number of GWAS (Hingston et al., 2017b; Kremer
et al., 2017; Pielaat et al., 2015) assessed de novo associations of
phenotypes relevant to industry and/or useful for risk assessment stu-
dies.

Even if bacterial GWAS aims to mitigate the prejudicial effects of
population structure, methods exploring the relationship between
genotypes and phenotypes may rely on phylogenetic reconstruction.
The relationship between a genotype and a phenotype can indeed be
investigated by observing how the phenotype is distributed according
to genotypic values (Ansari and Didelot, 2016).

The successful application of GWAS and phylogeny-based methods
has been extensively proven for phenotypes with clinical importance

(i.e. antibiotic resistance or virulence). So far, the application of these
methods for investigating phenotypes of interest for food microbiology
is still limited. Therefore, the objective of this article is to present and to
assess the ability of different approaches to identify genetic markers
associated to a phenotype of interest in order to predict the bacterial
behavior in foods. These methods were applied to a selected dataset of
newly sequenced L. monocytogenes strains with well-characterized
phenotypes at low temperature.

2. Materials and methods

2.1. Strains

From the Anses collection stored at −80 °C, a set of 51 L. mono-
cytogenes strains was constituted in order to achieve large population
diversity in terms of genotypes (i.e. CC-types) and food-related origins
(i.e. meat products, dairy, seafood and environment). The lineages,
clonal complexes (CC) based on 7 loci MLST (Ragon et al., 2008), as
well as the strain origin are detailed in Supplementary material 1.

2.2. Whole genome sequencing

Firstly, cryo bead-based strains were inoculated onto tryptone soya
agar (TSA, AES Chemunex, Bruz, France) and incubated for 24 h at
37 °C to check isolates purity. A single colony of each strain isolated on
TSA was picked to inoculate different brain heart infusion broth (BHI,
Oxoid, Dardilly, France) tubes (10ml) incubated overnight (12–18 h) at
37 °C. The Wizard® Genomic DNA Purification Kit (Promega, France)
was used in order to isolate genomic DNA. Nanodrop®
Spectrophotometer and Qbit® fluorimeter were used to assess the
quantity of the extracted DNA. Global integrity of DNA (200 ng) was
assessed via horizontal agarose electrophoresis (Seakem GTG Agarose
gel at 0.8% migration 3 h with an electrical field at 120 V/105mA in
TBE 1× gel) as a quality control measure. Paired-end sequencing (i.e.
2× 150 bp) were performed by the ‘Institut du Cerveau et de la Moëlle’
(ICM, France) using TruSeq automated library preparation (Illumina)
and Nextseq500 sequencing system (Illumina). The paired-end reads,
isolates information and genome assemblies are available under the
PRJEB24673 (ERP106517) ENA bio-project.

2.3. Phenotyping in cold conditions

Qualitative phenotypes based on the ability to reach turbidity in a
given time (i.e. two months) at 2 °C were established for each strain and
a minimum of three replicates were performed for all experiments.

One cryo bead of each strain was put in 10ml TSB-YE and incubated
for 7 h at 37 °C. Then, a 1/10 dilution was prepared and further in-
cubated at 37 °C for 17 h. In order to achieve a density of 5 log cfu·ml−1,
overnight cultures were diluted in pre-chilled tryptone salt (TS, Oxoid,
Hampshire, UK) and TSB-YE (2 °C), successively. Enumerations en-
suring the concentration of the obtained suspensions were performed
onto TSA. Microtiter plates were inoculated with 200 μl per well
(Overney et al., 2016) of the diluted suspensions and incubated at 2 °C.
The microplates were covered with parafilm in order to avoid dehy-
dration. The turbidity of wells was visually inspected each day for each
strain, so that the strains can then be divided into two groups based on
time to observe turbidity. The two groups include strains that showed
visible turbidity before (hereafter called “fast”) and later (hereafter
called “slow”) than 21 days, respectively.

2.4. Genomic approaches

In order to link mutations to qualitative phenotypes, two different
SNP-based phylogenetic reconstructions (i.e. including and excluding
recombination events; § 2.4.1), two different GWAS methods (i.e. gene-
and SNP-based GWAS; § 2.4.2), as well as a Bayesian inference method
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(§ 2.4.3), were performed.

2.4.1. Phylogenetic reconstructions
2.4.1.1. SNPs calling. A variant calling analysis was performed using
iVARCall2, a recently published workflow based on the GATK
HaplotypeCaller algorithm (Felten et al., 2017). Briefly, this pipeline
aims to align paired-end reads against a reference genome to identify
SNPs and InDels by local de novo assembly. The complete sequence of
L. monocytogenes strain EGD-e (accession number: NC_003210) was
used as reference genome. The pipeline produces also a multi-fasta file,
called “pseudogenomes”, including pseudo reference genomes obtained
by substituting into the reference all the genotypes of SNPs for each
strain included in the analysis.

2.4.1.2. SNP-based phylogenetic inference. Phylogenetic reconstruction
based on core genome SNPs was carried out with RAxML (Randomized
Axelerated Maximum Likelihood) (Stamatakis, 2014). The
pseudogenome fasta file generated by iVARCall2 was used as input
for RAxML to build a phylogenetic tree in newick format. The
phylogenetic inference was performed with bootstrap analysis and
searching for the best-scoring Maximum Likelihood (ML) tree with
General Time-Reversible (GTR) model of substitution and the secondary
structure 16-state model. One thousand bootstraps were applied and
convergence was checked. The resulting newick trees were further used
in the following analyses.

In order to detect recombination events, ClonalFrameML software
package (Didelot and Wilson, 2015) was applied using as input the
phylogenetic tree from RaxML and the pseudogenome fasta file from
iVARCall2. Then, the SNPs corresponding to recombination events were
filtered out from the pseudogenomes using the Clonal_VCFilter script
(Felten et al., 2017) in order to obtain a phylogenetic tree where var-
iants linked to recombination events were excluded.

2.4.2. GWAS methods
2.4.2.1. Gene-based GWAS. A GWAS based on the accessory gene
content of the 51 L. monocytogenes de novo assemblies was
performed. First, draft genomes were obtained based on the SPAdes
algorithm (Bankevich et al., 2012) after quality check of Illumina reads
using FASTQC (Andrews, 2010) and trimming low quality reads with
Trimmomatic (Bolger et al., 2014).

Finally, the qualitative evaluation of assemblies was performed by
computing various metrics with QUAST (Gurevich et al., 2013). The
whole genome annotation was carried out using Prokka (Seemann,
2014) with default parameters. Prokka uses the assemblies as input and
produces GFF3-files, including sequences and annotations, which were
used to extract the pan-genome of the 51 L. monocytogenes isolates with
the software Roary (Page et al., 2015). Finally, gene-based GWAS was
performed using Scoary (Brynildsrud et al., 2016). A file including
phenotypic traits, the phylogenetic tree based on SNPs and the gene
presence/absence matrix from Roary were thus used as input-data to
Scoary.

2.4.2.2. SNP-based GWAS. A SNP-based GWAS was performed based
on the workflow published by Earle et al., 2016 (Earle et al., 2016). The
R scripts developed by Earle et al. and the related external programs,
such as GEMMA (Zhou and Stephens, 2012), were applied to create
SNPs-GWAS outputs. The pseudogenome fasta sequences produced by
iVARCall2 (Felten et al., 2017) and the associated binary phenotypic
trait were supplied as input of the workflow developed by Earle et al.
(Earle et al., 2016). In the SNPs-GWAS, correction for multiple testing
was accounted for by applying Bonferroni adjustments. The
consideration of population structure effect provides estimates of the
proportion of variance in phenotypes explained by “SNP heritability”.
For associated SNPs, the related information are provided including
annotation, associated p-values, positions, types and bases of SNPs, as
well as reference and non-reference codons with the corresponding

amino acid.

2.4.3. Bayesian inference method
With a view to assessing the evolution of qualitative phenotypes

distribution along the branches of the phylogenetic tree, a recently
developed Bayesian inference method (Ansari and Didelot, 2016) was
applied. The R package called TreeBreaker was used in order to infer
the evolution of a discrete phenotype distribution across a phylogenetic
tree and divide the tree into segments where their distributions are
constant (Ansari and Didelot, 2016). Therefore, SNP-based newick trees
obtained at core genome and gene (inlA) levels excluding recombina-
tion events and the discrete phenotypic traits (“fast”=0, “slow”=1)
were supplied as input to this program.

3. Results and discussion

Out of the 51 L. monocytogenes strains included in the study, 43 were
classified as “fast” growing strains and 8 as “slow” growing strains at
2 °C (Supplementary material 1). All results presented below are sup-
ported by high-quality reads-mapping and draft genomes based on
depth (median of 328×) and breadth (median of 87.39%) coverages, as
well as total contigs length (i.e. cumulated length of 2,984,694 kb with
N50 of 2,950,739), respectively (Supplementary material 2).

3.1. GWAS methods to explore the genetic basis of growth capacity at 2 °C

3.1.1. GWAS based on presence-absence of genes
A gene-based GWAS was carried out exploring the different analy-

tical steps and corresponding statistical parameters computed by Roary
(Page et al., 2015) and Scoary (Brynildsrud et al., 2016). The pan-
genome of the 51 Listeria monocytogenes strains (Fig. 1) is composed of a
total of 6612 genes, including 2014 core genes (present in the 99% of
isolates) and 4598 accessory genes (Supplementary material 3). A si-
milar number of core genes has been already reported in previous
studies on L. monocytogenes: 2032 (den Bakker et al., 2010) and 2354
(Kuenne et al., 2013). In order to select a curated set of genes associated
to the “fast” or “slow” growth phenotype, the 4598 accessory genes
detected by Roary were therefore considered for the GWAS analysis
performed with Scoary. A detailed description of the different steps
applied in the GWAS analysis is reported in Supplementary material 3.
It is worth mentioning that in the results obtained with this analysis, the
population structure correction is taken into account based on the
produced SNP-based ML-tree (Supplementary material 4).

A list of a total of 114 genes with strong statistical associations with
the growth ability at 2 °C (Supplementary material 4) was finally listed.
The output table includes a couple of genes already reported to be in-
volved in the cold adaption mechanism of L. monocytogenes such as the
genes coding for RNA helicase (Markkula et al., 2012) and for the
precursor of internalin A (Kovacevic et al., 2013). Interestingly, 15 out
of 114 genes (~13%) of reported genes, corresponding to mobile ge-
netic elements (such as phage capsid family protein or transposase from
transposon Tn916), were found to be associated with the measured
phenotype. Despite, 70 out of 114 genes (~61%) reported in the output
table correspond to hypothetical proteins.

3.1.2. SNP-based GWAS
The objective of the SNP-based GWAS analysis was to detect the

phenotype-associated genetic variants in the core genome. When per-
forming microbial GWAS, confounding factors (i.e. bacterial population
structure and recombination events) may affect the data analysis and
lead to spurious associations. The approach proposed by Earle et al.
(2016) was applied including mixed models which take into account for
phylogenetic relatedness and signals of lineage associations. Therefore,
all SNPs located in the 2014 core genome genes and in the intergenic
regions which can also be involved in phenotype associations, espe-
cially the 5′-untranscribed regions which may be regulated by small
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RNAs (Cerutti et al., 2017), were included in the analysis (i.e. 104,160
core genome SNPs). Fig. 2 presents the association for all these SNPs to
the studied phenotype. In this Figure, the positions of the SNPs in the
genome are on the x-axis while the corresponding –log10 (p-values)
quantifying the association are displayed on the y-axis. The majority of
the SNPs (n= 101,685) shows no significant association (p-value >
0.05), whereas slight (p-value < 0.05) and strong significance asso-
ciations (p-value < 0.01) were observed for 2291 and 184 SNPs, re-
spectively. Table 1 shows the first 40 SNPs with the highest p-values of
association and the complete table of SNPs with p-value < 0.01 is
reported in Supplementary material 5. This group of highly associated
SNPs are harbored by genes which were previously described as likely
involved in cold adaption such as lmo0135 ABC-transporter (Cabrita
et al., 2013), lmo033 internalin (Hingston et al., 2017b; Kovacevic
et al., 2013) and lmo0316 hydroxyethylthiazole (Mattila et al., 2012).
The other highly associated SNPs are harbored by hypothetical proteins
and in intergenic regions, where for example promotors and regulators
can be located (Thorpe et al., 2017a).

Although SNP-based GWAS has been recently applied in bacterial
genomics, it is worth to notice that the SNPs associated to cold growth
phenotype were supported by lower p-values in comparison to those
reported by already published GWAS-based studies investigating anti-
biotic resistance (Chen and Shapiro, 2015; Earle et al., 2016). At least
two reasons can be advanced to explain this discrepancy. The first is
related to the limited number of genomes related to “slow” growing
strains. A more balanced dataset might provide lower p-values sup-
porting stronger phenotypic association. The other reason is related to
the selected phenotype of interest. Contrary to other studies, the ana-
lyzed phenotype in this study is related to multiple compartments of the
bacterial cell (Chan and Wiedmann, 2008). As previously reported, cold
adaptation of L. monocytogenes may involve a variety of mechanisms,
like the uptake of compatible solutes and oligopeptides (Chan and
Wiedmann, 2008), the membrane fluidity (Saunders et al., 2016) and/

or the general stress response factors (Cacace et al., 2010; Chan et al.,
2008).

Other methods to perform bacterial GWAS were published these last
years. Some of them rely on kmer presence/absence (Earle et al., 2016;
Lees et al., 2016; Marinier et al., 2017), these approaches aim to as-
sociate traits with substitutions in the core genome, and the accessory

Fig. 1. Phylogenetic tree of 51 L. monocytogenes isolates compared to a matrix of presence and absence of core and accessory genes in dark blue. (For interpretation of
the references to color in this figure legend, the reader is referred to the web version of this article.)

Fig. 2. Manhattan plot of core genome SNPs which show associations to the
given phenotypic traits of the 51 L. monocytogenes strains. Each point presents a
SNP with its position and corresponding –log10(p-value), which shows the
significance of the geno-phenotype association. The color represents the extent
of this significance, red (p-value < 0.01), orange (p-value < 0.05) and grey
(p-value > 0.05). (For interpretation of the references to color in this figure
legend, the reader is referred to the web version of this article.)
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genome (Earle et al., 2016). Another tool was recently proposed to
specifically analyses presence/absence of intergenic regions (Thorpe
et al., 2017b). Herein, SNPs in genes, intergenic regions, as well as
presence/absence of genes can be explored. A novel SNP-based GWAS
method was also recently proposed for continuous phenotype (Collins
and Didelot, 2018). An additional kmer-based GWAS approach dealing
with phenotype-associated genetic variants (i.e. SNPs, InDels, inter-
genic regions and recombination events) without prior knowledge is
still under evaluation (Jaillard et al., 2018).

Notwithstanding, a promising alternative to GWAS which rely on
the combination of high-throughput gene function assays with me-
chanistic based models prioritizing genetic variants (i.e. synonymous
variants, variants in non-coding regions and accessory genome) has
been recently refined (Galardini et al., 2017). Such method has been
successfully applied on a large collection of E. coli strains with known
genotype and growth phenotype to deliver growth predictions, con-
sidering the variant's probability of affecting gene functionality, and
genetic intervention strategies (Galardini et al., 2017).

3.2. Analysis of the growth ability at 2 °C through a Bayesian inference
method

The distribution of the observed qualitative phenotype was eval-
uated with phylogenetic trees based on core genome (Fig. 3) and inlA
gene (Fig. 4). In general, if all individuals included in a phylogenetic
analysis have the same phenotype distribution, measured phenotypes
would be randomly distributed on the tree leaves. Treebreaker can
assess if the phenotype distribution evolves over time. The model is
based on Poisson process of evolving phenotype distribution on the
branches of a phylogeny. It allows checking if that distribution is dif-
ferent from ancestral state reconstruction. Hence, this Bayesian in-
ference method aims at identifying the steadiness distribution of phe-
notype within a tree segment. When a segment has a significant
distribution of a specific phenotype compared to other segments, the
corresponding branch is flagged. The thickness of the branches is pro-
portional to the posterior probability of phenotype change on the given

branch. To perform this analysis a phylogenetic tree was built based on
core genome SNPs detected on the 51 L. monocytogenes strains ex-
cluding recombination events because high rates of recombination
events can affect reconstruction of L. monocytogenes lineages (Moura
et al., 2017). Recombination events are distinct from evolutionary
mechanisms related single substitutions and can consequently bias
ancestral sequence reconstruction from where phylogenetic re-
constructions are inferred with regards to evolutionary models of sub-
stitutions (Yang and Rannala, 2012). The variants from recombination
events were thus removed in order to improve the accuracy of phylo-
geny reconstruction. The two Bayesian inference branches presenting
the highest associations with “slow” growth ability at 2 °C correspond to
the lineage I and CC9 of the lineage II (Fig. 3). These findings are in
accordance with the study of Hingston et al. (2017a), where the CC1,
CC2 and CC6 belonging to lineage I as also CC9 (lineage II) presented
the slowest growth rates at 4 °C in broth (Hingston et al., 2017b).

A similar approach to that herein presented, has been already ap-
plied to find association between antimicrobial resistance along bran-
ches of a phylogenetic tree (Suzuki et al., 2016). Nevertheless, in a
study on Streptococcus pyogenes, it has been shown that phylogenetic
inferences based on the alignment of specific SNP loci associated to
specific phenotype may exhibit topological deviation compared to core
genome-based phylogeny (Bao et al., 2016). Moreover, the categorical
inferences established at the accessory gene level (i.e. wgMLST) can
also exhibit topology distortion in comparison to core genome phylo-
genetic inferences based on SNPs (Henri et al., 2017). Accordingly,
focusing the analysis on specific genes could be more relevant for in-
vestigating the evolution of the phenotypic trait of interest. For ex-
ample, Møretrø et al. (2017) succeeded in finding relevant association
between Benzalkonium Chloride (BC) susceptibility differences and a
specific variant (i.e. cysteine/serine difference at amino acid 42) de-
tected in qacH gene in L. monocytognes strains carrying or not the
Quaternary Ammonium Compound (QAC) resistance genes (i.e. bcrABC
or qacH) (Møretrø et al., 2017).

Therefore, a candidate gene approach focusing on a pre-specified
gene of interest (i.e. inlA) already associated to cold adaptation
(Hingston et al., 2017b; Kovacevic et al., 2013) was applied. A phylo-
genetic tree (Fig. 4) was thus established based on the sequences

Fig. 3. Evolution of a discrete phenotype distribution (red dot= “slow”, orange
dot= “fast”) on a phylogenetic tree including 51 analyzed genomes. The
thickness of the branches is proportional to the posterior probability of having a
change point. The branch “▲” corresponds to lineage I and the branch “Δ” to
the CC9. (For interpretation of the references to color in this figure legend, the
reader is referred to the web version of this article.)

Fig. 4. Evolution of a discrete phenotype distribution (red dot= “slow”, orange
dot= “fast”) on a phylogenetic tree based on DNA sequences of inlA gene. (For
interpretation of the references to color in this figure legend, the reader is re-
ferred to the web version of this article.)
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alignment of inlA gene and used as input for Treebreaker analysis. In
Fig. 4, a pheno-genotype association (thicker branch) is shown, al-
though the null-hypothesis model (i.e. no association of binary phe-
notype with the branch) is not rejected at 0.05 p-value level. Even
though, the thicker branch reported in Fig. 4 is the same than that
obtained based on core genome SNPs excluding recombination events
and corresponding to the strains of lineage I.

4. Conclusion

A number of genes and SNPs, as well as specific phylogenetic sub-
lineages were identified as associated to L. monocytogenes' growth at low
temperature (2 °C). The three approaches of phenotype/genotype as-
sociation were applied in the present study on a dataset of 51 strains.
The application on a larger genome data set of accurately selected
strains with contrasting phenotypes would likely increase the power to
detect the associations.

The development of various innovative methods, as well as the in-
creasing availability of bacterial genomes, opens a new area for food
microbiology studies. The identification of genetic markers associated
to phenotype of interest along the food chain should provide sensitive
and accurate methods to predict and then control the behavior of
foodborne pathogens (Cocolin et al., 2018b; den Besten et al., 2017).
The use of GWAS could help to perform risk assessments especially
targeting the subpopulations that pose the greatest risk linked to their
higher ability to survive and/or grow in the food chain (Franz et al.,
2016).

A rapid detection of strains harboring genetic markers related to the
high ability to persist in the processing environment or to high viru-
lence potential could guide reinforced control measures and optimize
interventions strategies (Fritsch et al., 2018). The identification of such
biomarkers at the genomic level is only one aspect. The expansion of
alternative omics approaches based on transcriptomic or proteomics is
opening new relevant perspectives for a full understanding of pathogen
behavior in foods as well as in the whole food chain (Cocolin et al.,
2018a; Hingston et al., 2017a; Renier et al., 2012).

Supplementary data to this article can be found online at https://
doi.org/10.1016/j.ijfoodmicro.2018.11.028.
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