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Université de Lorraine, CNRS, LIEC, F-57000 Metz, France

A R T I C L E I N F O

A B S T R A C T

Keywords:
Bacteria
Database
Ecological diagnostic
Functional traits
Metals
PAH
Soil

In the environment, abiotic (climatic conditions, physico-chemical parameters), biotic (interactions between
microorganisms, vegetation and fauna), and anthropogenic (stress, pollution) filters are driving the microbial
diversity observed locally. A key question in microbial ecology is to understand the impact of these filters on
bacterial diversity and ecosystem functioning. To highlight the responses of bacterial assemblages to these
ecological filters, a new approach based on bacterial functional traits has been developed. This approach pro
vides a functional picture of bacterial assemblages using morphological, physiological, and genomic traits as
proxies of functions, and leads to a generalizable approach over a larger range of ecosystems with different
bacterial diversities.
We have created a user-friendly database of bacterial functional traits, thanks to the properties of 19,455
bacterial strains. This database has been called BactoTraits. For example, oxygen preference, size and shape of
bacteria, motility, optimum and range of pH and temperature, genome GC percent and trophic type are among
the 19 traits included in BactoTraits. Based on the best-informed strains in the database, we identified five
functional groups (i.e. mesophiles, competitors, colonizers, stress-sensitives and stress-tolerants) exhibiting a
wide strain taxonomic diversity but with quite similar trait profile combinations.
As an example of application, BactoTraits was used to characterize the traits and functional diversity of
bacterial assemblages in soil samples from 10 sites with different physico-chemical properties and various levels
of metal and polycyclic aromatic hydrocarbon (PAH) contaminations. Inference of functional traits was based on
taxonomic diversity information obtained by high-throughput sequencing of 16S rDNA. This trait-based
approach has allowed to discriminate soils according to their physico-chemical properties and levels of
contamination and to go further into the description of the bacterial assemblages. Several bacterial traits were
identified as indicators of specific contaminants such as metals (e.g. filament shape, microaerophile and tem
perature optimum/range higher than 40 ◦ C) or PAHs (e.g. spherical shape, facultative anaerobe/aerobe, no spore
production, pH optimum ≥ 8, low temperature optimum but high temperature variation tolerance).
Inferring trait values from a taxonomy-based approach can be extended readily to other microbial systems and
contexts such as (i) studies on soils and aquatic ecosystems, (ii) microbial ecology along various environmental
gradients, (iii) human, plant and animal microbiotes, as well as (iv) trophic interactions between bacterial
communities and their predators.

1. Introduction

ecosystem processes and services are modified, are some of the longstanding goals in microbial ecology (Prosser et al., 2007; Nemergut
et al., 2013; Lajoie and Kembel, 2019). More specifically, in the context
of global changes and environmental contaminations, a deeper under
standing of microbial ecology and adaptations to many biotic and

Understanding how biotic and abiotic factors govern the spatiotemporal assembly of microbial communities at various nested scales
from microhabitats to biogeographical areas, and consequently how
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abiotic stresses is needed to better evaluate the responses of microbial
communities to the main drivers of ecosystem functioning. Similarly, a
better understanding of the mechanisms structuring microbial commu
nities will allow a better understanding of biotic interactions among
organisms and within holobionts.
Although extensive consideration has been given to the diversity and
composition of microbial communities thanks to high throughput
sequencing methods (Langenheder et al., 2010), functional aspects of
microbial community structuring have received quite little attention
(Bewick et al., 2019) even though it would facilitate identifying general
rules of species assembly and ecosystem functioning. Examining traits
which describe some functional aspects of the microbial community may
therefore prove to be valuable for going further in the explanation of
community assembly, e.g. via the identification of groups of microor
ganisms with common combinations of attributes and strategies. Traits
are well-defined, quantifiable properties (i.e., morphological, anatom
ical, physiological, biochemical and phenological characteristics) of
organisms, usually measured at the individual level and used compar
atively across species. Functional traits are surrogates of organismal
performance, i.e. its fitness (McGill et al., 2006; Violle et al., 2007; Reiss
et al., 2009). The functional trait approach has been widely used in plant
(e.g., Westoby and Wright, 2006; Cornwell et al., 2008; Kattge et al.,
2011; Adler et al., 2014), as well as animal ecology (e.g., freshwater
fishes: Logez et al., 2013; macrobenthic freshwater invertebrates:
Usseglio-Polatera et al., 2000; Usseglio-Polatera et al., 2001; mega
benthic marine invertebrates and fishes: Bremner et al., 2006; Bremner,
2008; Beauchard et al., 2017; birds: Ding et al., 2013; terrestrial beetles:
Barton et al., 2011; leaf litter ants: Silva and Brandão, 2010), from local
to continental scales.
Studying the covariation of traits in different environmental contexts
to understand the ecological strategies that underlie community pat
terns (Green et al., 2008) started to interest only recently the microbial
ecologists (McGill et al., 2006; Kraft et al., 2008; Barberán et al., 2012;
Barberán et al., 2017; Bewick et al., 2019; Madin et al., 2020). Traits can
(i) be analyzed across wide geographical ranges and species pools
(Bernhardt-Römermann et al., 2011; Nelson et al., 2016), (ii) support
the calculation of a variety of functional diversity indices (Schleuter
et al., 2010), and (iii) easily lead to estimation of functional redundancy
(Darr et al., 2014) and specialization (Mondy and Usseglio-Polatera,
2014), or inform on ecosystem functioning (Bremner et al., 2006).
Studying microbial diversity from the perspective of functional traits
is quite well developed for fungi due to well-established functional guild
databases (Nguyen et al., 2016; Zanne et al., 2020) and trait-based
framework (Crowther et al., 2014). However, this approach for bacte
ria is far more complex (Lajoie and Kembel, 2019). Current trends using
bacterial community aggregated traits include: (i) shotgun sequencing
metagenomic studies (Tringe et al., 2005; Selengut et al., 2007; Kanehisa
et al., 2011) reflecting bacterial functions (DeLong et al., 2006; Fierer
et al., 2014) or deducing some bacterial traits (Weimann et al., 2016),
and (ii) 16S rRNA gene amplicon sequencing that infers bacterial
functions based on reference genomes (e.g., PICRUSt: Langille et al.,
2013; or Tax4Fun: Aßhauer et al., 2015). Despite on-going improve
ments in functional reference databases (e.g., AnnoTree; Mendler et al.,
2019), and comprehensive web-server to assist in metagenomic analyses
(e.g. METAGENassist; Arndt et al., 2012), the gold standard for defining
bacterial phenotypic and ecological traits remains cultivation of bacteria
(Ernebjerg and Kishony, 2012) to constitute databases easily usable for
functional inference.
On-line trait databases have been developed for various plants and
animals in both aquatic and terrestrial ecosystems such as EFI + or
freshwaterecology.info for European fishes, invertebrates, macrophytes,
diatoms and phytoplankton (Frimpong and Angermeier, 2009; Logez
et al., 2013; Schmidt-Kloiber and Hering, 2015), or other databases for
North-American lotic invertebrates (Vieira et al., 2006), plants (TRY;
Kattge et al., 2011), carabids (Homburg et al., 2014), soil invertebrates
(Pey et al., 2014), or ants (Bertelsmeier et al., 2013). The best sources of

information on bacterial traits are databases describing isolated bacte
rial strains such as BacDive (https://bacdive.dsmz.de) or bacterial
known metabolisms such as the Kyoto Encyclopedia of Genes and Genomes
(KEGG; Kanehisa et al., 2011). They provide comprehensive datasets on
the taxonomy, morphology, physiology, geographic origin, genomic,
and application of prokaryote strains. Recently, attempts have been
made to link these phenotypic and environmental tolerance traits with
taxonomy (Barberán et al., 2017), to aggregate large phenotypic,
genomic and environmental characteristics datasets (Madin et al., 2020)
and develop prediction tools (BugBase; Ward et al., 2017). These studies
have laid the foundation for trait-based approaches using morphoecological or genomic traits of bacteria. Nevertheless, they still did not
explicitly test the potential of this trait-based approach to define bac
terial ecological groups or to examine the impact of natural or maninduced changes on the selection of bacterial traits at the community
level.
Our first objective was to constitute a user-friendly database called
“BactoTraits” aggregating information on 19 bacterial traits. Traits
reflect bacterial behaviour and physiological requirements, as well as
morphological and genome properties. In this study, we introduced the
BactoTraits database workflow based on the inference of individual
bacterial traits to the whole bacterial community thanks to taxonomic
affiliation obtained from traditional high throughput 16S rRNA gene
amplicon sequencing methods. We described how traits were coded, and
defined bacterial functional groups sharing similar suites of traits that
could be used as indicators of the functional organization of bacterial
communities in various environments.
Our second objective was to give an example of application of Bac
toTraits. We investigated how a trait-based approach can describe the
impact of natural and man-induced gradients (e.g. increasing polycyclic
aromatic hydrocarbon (PAH) and metal contaminations) on the func
tional assembly of soil bacterial communities. Using 16S rRNA gene
based diversity of a range of soil samples (Lemmel et al., 2019), we
tested if the trait-based approach would highlight bacterial community
adaptations to pollution, indicating the selection of different functional
strategies in bacterial assemblages to cope with environmental
constraints.
2. Material and methods
2.1. Source of bacterial strain trait information
BactoTraits was built based on the global BacDive database for pure
culture bacteria. Data were downloaded via the online portal in May
2019 (https://bacdive.dsmz.de/). From the 76,998 bacteria strains
available on Bacdive, we kept in BactoTraits the 19,455 bacterial strains
having at least one trait described (Fig. 1). The taxonomic affiliation of
the bacterial strains was updated using Silva 132 taxonomy (https:
//www.arb-silva.de/). These strains belonged to 34 phyla (including
19 phyla with at least 10 strains). At present BactoTraits (Table 1) covers
19 traits, each described by 2 to 10 attributes (i.e., categories). It holds
altogether 97,341 trait entries representing between 101 (for the trait
“Pigment”) and 15,516 entries (for the trait “Oxygen”) (Fig. 1A), i.e.,
between about 0.5% and 79.5% of the whole strains described. Several
traits describe the preference and tolerance of bacterial strains to envi
ronmental parameters such as pH, salinity, temperature, and oxygen.
For the first three parameters, this tolerance is described by three in
dependent traits: (i) the optimum value for strain growth, (ii) the range
of values the strain can grow in (from minimum to maximum value) and
(iii) the delta of values the strain can tolerate for growth providing its
ecological valence (narrow and wide delta values indicate stenotopic
and eurytopic species, respectively). Morphological traits (such as the
cell size and shape), the mobility, the Gram staining, and the pigment
and spore production are included. A molecular trait describes the
Guanine-Cytosine (GC) percent of strain genome. Finally, an ecological
trait provides information on the trophic type of the strains.
2
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Fig. 1. Description of the 19 traits and the number of strains described in BactoTraits (a total of 19,455 strains are informed). A) Number of strains with available
trait profile (per trait) and their taxonomic affiliation at phylum level. B) Number of strains having at least 1 to 19 traits entered. The group “Others” comprises:
Armatimonadetes (2 strains), Caldiserica (1), Calditrichaeota (3), Chlamydiae (7), Chrysiogenetes (4), Coprothermobacteraeota (3), Dictyoglomi (2), Elusimicrobia
(1), Fibrobacteres (3), Gemmatimonadetes (2), Kiritimatiellaeota (1), Lentisphaerae (4), Epsilon-Proteobacteria (6), Zeta-Proteobacteria (1), MagnetococciaProteobacteria (1), Rhodothermaeota (3), Thermodesulfobacteria (1), Thermosulfidibacteraeota (1).

facultative aerobe were gathered in one unique attribute category, (iii)
mobile strains were gathered into the category “mobile” whatever their
motility type (i.e., amphitrichous, gliding, lophotrichous, monotrichous,
peritrichous, and polar). The encoded BactoTraits database is available
at the https://doi.org/10.24396/ORDAR-53.

Traits were expressed in categorical, nominal or ordinal categories
(continuous quantitative traits were classified in quantitative cate
gories). They could be mutually exclusive (for example, the pH_optimum
of a given strain is only in one of the four categories defined, e.g., “< 6”
or “≥ 6–7” or “≥ 7–8”, or “≥ 8” pH units) or potentially co-occurring (for
example, for its trophic type a strain can be “heterotroph” and also
“organotroph”, cf. part 2.2). Table 1 presents the standardized traits
taken into account in BactoTraits. The relationships between the traits
and the bacterial community functions or responses have been given
(Table 1 and Table S1) via examples and underlying literature sources
have been displayed.

2.3. Trait inference from taxonomic data
Interoperability ensures that information from different datasets can
seamlessly be merged for subsequent integrated analyses. This interop
erability has been performed from the taxonomic affiliation of the
strains present in BactoTraits that was linked to the taxonomic affiliation
of the Operational Taxonomic Units (OTUs) obtained from high
throughput sequencing to infer traits to bacterial OTUs identified from
environmental samples. This interoperability can be queried at any level
of the taxonomy from genus to phylum. This process was automated
thanks to a script programmed in R (v3.6.0; R Core Team, 2016). From a
matrix with OTU numbers and their taxonomic affiliation (phylum,
class, order, family, genus, species; referred as Taxonomy_table below
and in Fig. S1) the script successively looked if each OTU corresponded
to a single strain or several strains of the same species in BactoTraits. If
only one strain was found belonging to a given species in the database,
its trait profile was directly allocated to the OTU. If this OTU corre
sponded to more than one strain of the same species in the database, the
mean of the strain trait profiles was allocated to the OTU. For example,
for the “Width” trait, if four strains, belonging to the same species, were
recognized in BactoTraits with one belonging to the 0.50–0.65 µm
category and three belonging to the 0.65–0.90 µm category, the trait
profile allocated to the OTU was the mean of these four strain profiles
with an affinity score of 0.25 in the 0.50–0.65 µm category and an af
finity score of 0.75 in the 0.65–0.90 µm category. If no strain belonging
to this species was found in BactoTraits, the script allowed to look for the
strains belonging to the superior taxonomic rank (in order: genus,
family, order, class, phylum), and the mean of the found trait profiles
(for the genus, family, order, class or phylum) was allocated to the OTU
as previously described. OTUs having the taxonomic affiliation “un
classified bacteria” were removed from analyses. As many OTUs get
similar taxonomic affiliations giving similar trait profiles, these OTUs
were grouped to simplify the datasets (OTUgroups_table in Fig. S1).

2.2. Coding of traits
Trait categories were defined taking into account differences in
ecological preferences and morphological differences and avoiding – or
gathering (when possible) - categories with too few representative
strains. Raw trait-based information was coded using a full disjunctive
system for 13 traits (i.e., selection of a single attribute among 2 to 8
categories according to traits, Table 1). For example, if a strain has a rod
shape, a value of 1 was allocated to the “rod” attribute of the trait
“Shape” and a value of 0 to all the other attributes of this trait. For the
last six traits, “Gram”, “Pigment”, “pH_range”, “NaCl_range”, “Tem
p_range” and “Trophic_type”, the fuzzy coding procedure described by
Chevene et al. (1994) was adapted to describe the relative affinity of a
given strain for the different categories of the trait. We used a multiple
binary code (one score per strain and trait category) with a final trans
formation of each series of scores (i.e. each “strain × trait”) as the
relative frequency distribution of the strain affinity scores for the cor
responding trait. When the strain attributes belonged to a single trait
category, the strain was coded 1 for this attribute. If the strain attributes
belonged to two categories, both categories were coded 0.5. If the strain
attributes belonged to three categories, each of them was coded 0.33,
etc. In any cases, the sum of scores of a strain for a given trait was equal
to 1. The number of attributes a strain can exhibit is presented in the
Table 1. Potential functions and responses to environmental conditions
conferred by these traits are detailed in Table 1 and Table S1. Note that:
(i) strains described as Gram variable were coded 0.5 in Gram-negative
and 0.5 in Gram-positive, because this pattern of response represents
only 84 strains, (ii) strains categorized as facultative anaerobe or
3
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Table 1
Description of the 19 traits of the BactoTraits database. Description of the trait categories and the related functions or responses to environmental conditions these trait
categories could be linked with (see Table S1 for more complete description and references).
Trait label

Trait description

Unit

Data expression

Number and description of the trait
attributes

Number of trait
attributes a strain
can be assigned to

Related functions or responses
to environmental conditions

Gram

Gram staining

–

Nominal

2 categories (negative, positive)

1 to 2

Width

Width of the cell

µm

Length of the cell

µm

Shape

Shape of the cell

–

Pigment

Colour of the colonies

–

Nominal

4 categories (<0.50, ≥0.50–0.65,
≥0.65–0.90, ≥0.90)
4 categories (<1.3, ≥1.3–2.0,
≥2.0–3.0, ≥3.0)
6 categories (rod, sphere,
curved_spiral, filament, ovoid,
other_star_dumbbell,_pleomorphic)
10 categories (pink, yellow, brown,
black, orange, white, cream, red,
green, carotenoid)

1

Length

Quantitative,
categorial
Quantitative,
categorial
Nominal

Spore

Sporulation ability

–

Nominal

2 categories (yes, no)

1

Motility

If a strain is motile or not

–

Nominal

2 categories (non-motile, motile)

1

pH_opt

pH for optimal strain growth

1

Range of pH where a strain can
grow (from min to max values)
Extend of pH units that a strain
can grow (calculated from
pH_Range trait: max–min value)
NaCl concentration for optimal
strain growth
Range of NaCl concentrations
where a strain can grow
Extend of NaCl concentrations
that a strain can grow (calculated
from NaCl_Range trait)
Temperature for optimal strain
growth
Range of temperature where a
strain can grow
Extend of the temperature range
in which a strain can grow
(calculated from temp_Range
trait)
Oxygen demand of the strain

Quantitative,
categorial
Quantitative,
categorial
Quantitative,
categorial

4 categories (0–6, ≥6-7, ≥7-8, ≥8-14)

pH_range

pH
unit
pH
unit
pH
unit

6 categories (0–4, ≥4-6, ≥6-7, ≥7-<8,
≥8-10, ≥10-14)
6 categories (<1, ≥1-2, ≥2-3, ≥3-4,
≥4-5, ≥5-9)

1 to 5

%

Quantitative,
categorial
Quantitative,
categorial
Quantitative,
categorial

4 categories (<1, ≥1-3, ≥3-8, ≥8)

1

4 categories (<1, ≥1-3, ≥3-8, ≥8)

1 to 4

4 categories (<1, ≥1-3, ≥3-8, ≥8)

1

Resistance to desiccation,
antibiotics and toxics
Copiotrophs or r-strategists
(Gram -) vs. oligotrophs or Kstrategists (Gram + )
Different sensitivity to
bacteriophage attack or
nematode grazing
Resistance to predation, viral
lysis, hydrodynamic variation
Niche differentiation
Transport and dispersion
Nutrient access, surface
attachment, dispersion
Resistance to predation
Protection against grazing,
ultraviolet radiation,
desiccation stress, reactive
oxygen species
Converts energy from sunlight
Resistance to unfavorable
environmental conditions,
increase the resilience to
perturbation
Pathogenicity
Taxis mechanisms
Versatile vs. specificity
Dispersion, biofilm formation,
protection against grazing
Niche differentiation,
adaptation, tolerance to
variations, plasticity
Link with salt and temperature
tolerance
Link with metal exposure
Link with plant colonization
Niche differentiation,
adaptation, tolerance to
variations, plasticity
Link with pH tolerance

Quantitative,
categorial
Quantitative,
categorial
Quantitative,
categorial

7 categories (<10, ≥10-22, ≥22-27,
≥27-30, ≥30-34, ≥34-40, ≥40)
7 categories (<10, ≥10-22, ≥22-27,
≥27-30, ≥30-34, ≥34-40, ≥40)
5 categories (≥1-5, ≥5-10, ≥10-20,
≥20-30, ≥30)

1

–

Nominal

4 categories (anaerobe, aerobe,
facultative anaerobe and aerobe,
microaerophile)
9 categories (hetero-, auto-, organo-,
litho-, chemo-, photo-, copio-/diazo-,
methyl-, oligo-trophic)

1

4 categories (<42.6, ≥42.6–57.0,
≥57.0–66.3, ≥66.3)

1

pH_delta
NaCl_opt
NaCl_range
NaCl_delta
Temp_opt
Temp_range
Temp_delta

Oxygen

%
%

◦

C

◦

C

◦

C

Trophic_type

Conditions for growth: source of
energy, source carbon, and
electron donor

–

Nominal

GC%

GC content of strain genome

mol
%

Quantitative,
categorial

1
1
1 to 2

1

1 to 6
1

1 to 4

Niche differentiation,
adaptation, tolerance to
variations, plasticity
Link with pH tolerance

Niche differentiation,
adaptation, tolerance to
variations, plasticity
Niche differentiation thanks to
carbon and energy sources and
available nutrients
Trophic position and role
Genome size, adaptation to
environmental conditions,
energy cost
Higher horizontal gene transfer
for high GC% strains
Link with aerobic lifestyle,
temperature or cadmium
resistance

4
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2.4. Environmental data used

et al., 2011). The Simple Structure Index criterion (Borcard et al., 2011)
was used to identify the optimal minimal number of FGr. Being delin
eated regardless of their roles in ecosystem processes, these groups of
taxa can be considered as ‘emergent groups’ reflecting correlated traits
resulting from adaptive responses and evolutionary constraints (Lavorel
et al., 1997; Hooper et al., 2002). The 13,629 other strains - having one
to four traits available in the database - were projected onto the first
factorial plane of the FCA as “supplementary individuals” and assigned
to one of the FGs depending on the distance of each strain to the nearest
FGr centroid. Using the environmental trait dataset, we calculated the
relative abundance of the OTU groups from each of the 30 top-soil
samples, belonging to the FGr groups defined by FCA and clustering
analysis.
From log-transformed OTUgroups_table (i.e. pooled read data), we
calculated the Community Weighted Mean profile of traits (CWM;
[0;1]), the Community Specialization Index (CSI; [0;1]), the Overlap
index (OL; [0;1]) and the Rao quadratic entropy index (RAO) for each
trait and for each soil sample. CWM profiles give the relative proportion
of each trait category in the community. CSI is the average of the species
specialization index values calculated over all the OTUs present in this
sample weighted by their log-transformed abundances (Julliard et al.,
2006; Devictor et al., 2008; Mondy and Usseglio-Polatera, 2014). CSI
values vary between 0 and 1, with values close to 1 when all the species
(or OTUs, here) are “specialized” in one trait category for a given trait.
OL is the community averaged degree to which taxa have similar trait
profiles/niches for each trait (Pianka, 1974). The Rao quadratic entropy
is a measure of the diversity of ecological communities proposed by Rao
(1982) and is based on the relative abundances of species present in a
community and a measure of the trait-based dissimilarity between them.
In this study, the dissimilarity ranges from 0 to 1 and is based on the
selected set of functional traits selected in Bactotraits. The Rao quadratic
diversity index is a biodiversity metric widely applied to studies on
functional and phylogenetic ecology (Rao, 1982; Mouchet et al., 2010).
The package FD was used to compute different multidimensional
Functional Diversity (FD) indices from the taxon-by-trait matrix
(Laliberté et al., 2014). FD indices include the functional richness (FRic;
here, standardized between 0 and 1), functional evenness (FEve), and
functional divergence (FDiv) (Villéger et al., 2008), the functional
dispersion (FDis) (Laliberté and Legendre, 2010), and the Rao quadratic
entropy (RaoQ) (Botta-Dukát, 2005).
Kruskal-Wallis tests (p < 0.05) followed by Dunn’s multiple com
parison tests and p-value corrections (Bonferroni) were applied to
compare functional indicator values among the ten studied sites and
among the three soil types.
Variations in the bacterial community composition of sites, based on
the trait community weighted mean profiles, wer visualized by
nonmetric multidimensional scaling (NMDS) using the function ‘met
aMDS’ (from the package vegan for R; Oksanen et al., 2013) applied to a
square root-transformed Bray-Curtis dissimilarity matrix. To determine
how soil types (control, slag heap and settling pond) could explain
bacterial community composition, permutation-based multivariate an
alyses of variance (PERMANOVA) were done (Anderson, 2001) through
the ‘adonis2′ function of the vegan R-package, yielding 999-permutations
based F-tests of significance. To validate PERMANOVA we examined the
homogeneity of variances using permutational tests of multivariate
group dispersions (‘betadisper’ function).
Pearson’s correlation tests were performed for each pair of trait
categories (CWM) and a subset of soil parameters of interest (total Zn,
Fe, Na and PAH concentrations, pH, DOC, total C and N, C/N ratio, and
silt and sand percentage were selected as representatives when many
soil parameters were correlated and gave similar correlations with
traits). P-values of the correlation tests were corrected to consider the
false discovery rate (Benjamini and Hochberg, 1995). The correlation
matrix between both datasets was then used to build dendrograms, one
for each dataset, to identify clusters of trait categories or soil parameters
exhibiting similar “correlation profiles”. The “correlation profiles” were

Bacterial diversity data from Lemmel et al. (2019) were reanalyzed
to get OTU taxonomic affiliation through Silva 132 database, and then
used to illustrate the ecological interest and evaluate the performance of
BactoTraits. We worked on 30 top-soil samples (0 to 30 cm depth) from
10 sites (3 replicates per site, collected 1 m apart, in November 2015)
from Northeastern France (Fig. S2) presenting both PAH and metal
contamination gradients (Lemmel et al., 2019) due to former steel ac
tivities during the 20th century. These soils were distributed into three
types (controls, slag heaps, and settling ponds) based on their physicochemical properties and pollution level (Lemmel et al., 2019). Three
uncontaminated soils, considered as the control soils (ctrl), were
sampled at Hémilly (He), Montiers-sur-Saulx (Mo), and Dieulouard (Di).
Four soils from former slag heap (sh) sites were sampled at Homécourt
(Ho), Terville (Te), Uckange (Uc), and Neuves-Maisons (NM). Three soils
from former settling pond (sp) sites were sampled at Pompey (Po), MontSt-Martin (MsM), and Russange-Micheville (RM). Soil characteristics,
presented in the Table S2, highlight that slag heap sites were mainly
characterized by a high PAH contamination and moderate level of metal
contamination, while settling pond sites were characterized by high
metal contamination and moderate level of PAH contamination.
The bacterial taxonomic diversity of these 30 top-soil samples was
assessed by 16S rDNA Illumina MiSeq 2x250 paired-end sequencing of
the V3/V4 region (Lemmel et al., 2019). After read treatment and
rarefaction to 34,191 reads per sample, we classified OTUs with 97%
similarity in their sequences. Taxonomy affiliation of the OTUs was
incremented using Silva 132 version. From an OTU_table with 14,149
OTUs (all samples combined), we generated an OTUgroups_table with
676 unique OTU groups by regrouping OTUs (addition of read numbers)
with exactly similar taxonomic affiliation and eliminating OTU having
unclassified bacteria affiliation.
Based on these data, we used four tables (Fig. S1): (i) OTUgroups_table
with the abundance (read number on a total of 29,689 to 33,839 reads
per sample) of each OTU for the 30 samples (10 sites in triplicates), (ii)
Taxonomy_table with phylum, class, order, family, genus and species
affiliations of each OTU based on Silva 132 database, (iii) Traits_OTU
groups_table (generated from Taxonomy_table and BactoTraits, thanks to
the procedure described in the section 2.3) with the trait attributes of the
676 OTU groups, and (iv) SampleMetadata_table with the available soil
characteristics (soil_history: control, slag heap and settling pond; C, N,
C/N, organic matter OM, dissolved organic carbon DOC, P2O5, carbon
ate, pH, CEC, texture: silt and sand content in percentage, organic acids,
carbohydrates, sum of the 16 US-EPA PAHs, total Cr, Cu, Ni, Zn, Co, Pb,
Cd, Tl, Mo, Al, Ca, Fe, K, Mg, Mn, Na and extractible Cd, Cr, Cu, Ni, Pb,
Zn).
2.5. Statistical analyses of BactoTraits data and environmental data
A Fuzzy Correspondence Analysis (FCA; Chevene et al., 1994) was
used to analyze the relationships among trait categories and to ordinate
the bacterial strains of BactoTraits on the basis of their trait profile
combinations. FCA also allowed identification of the traits that were the
more contributive to the ordination of bacterial taxa (Chevene et al.,
1994). Two traits (“Pigment” and “Trophic type”) exhibiting a very low
percentage of information in the database were discarded at this step of
the analysis. Similarly, to avoid potential bias in analysis related to
strains with low trait information in the database, the FCA was per
formed only on a subset of 5826 strains having at least five trait profiles
available in the database. This minimum of five traits was determined as
a trade-off between maximizing the number of traits and maximizing the
robustness of trait structure, based on the results of successive FCAs
applied to trait profiles of strains having at least 1, 2, 3, until 17 traits
addressed. Functional groups (FGr) of taxa with similar suites of traits
were then defined using the K-means clustering method on the co
ordinates of the strains on the F1xF2 factorial plane of the FCA (Borcard
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hierarchically clustered using Euclidean distances and the UPGMA
linkage algorithm (Unweighted Pair-Group Method using Arithmetic
averages; Borcard et al., 2011) proposed by the hclust function in R. A
heatmap was used to illustrate the existing correlations between func
tional trait diversity descriptors and the soil characteristics (SampleMe
tadata_table). The final heatmap, including both dendrograms, was
drawn using the function heatmap2 from the R package gplots (Warnes
et al., 2020).
All statistical analyses were performed in R version 3.6.0 (R Core
Team, 2016).

Actinobacteria and 8.4% Bacteroidetes. Members of these phyla are
dominating diverse marine environments (Aravindraja et al., 2013) and
represent in average ca. 36%, 1%, 31% and 2%, respectively, of bacterial
strains observed in soils (Delgado-Baquerizo et al., 2018) and respec
tively 16–36%, 0.4–37%, 10–26% and 5–14% of the bacterial strains in
the soils from the 10 sites used as examples in the present study (Lemmel
et al., 2019) and Firmicutes and Bacteroidetes are the dominant phyla in
human gut microbiota (Brooks et al., 2018). Compared to the pro
portions of the different bacteria phyla in the environment, we are aware
that some phyla were under-represented; e.g., the Acidobacteria, Ver
rucomicrobia, Chloroflexi, Planctomycetes, and Gemmatimonadetes
representing only 0.27%, 0.23%, 0.21%, 0.11% and 0.01% of the strains
in the database (53, 45, 41, 22 and 2 strains, respectively). These 5 phyla
respectively represent in average ca. 14%, 4%, 5%, 7% and 2% in soil
communities (Delgado-Baquerizo et al., 2018) and 4–31%, 0.6–22%,
0.8–16%, 0%, and 0.3–5% in the bacterial communities of the 10 sites
illustrating the present study (Lemmel et al., 2019) while the three first
phyla could be abundant and widespread in marine environments (Yil
maz et al., 2016). As a consequence, trait profiles currently allocated to
bacterial OTUs of these phyla cannot be precise (because allocated at a

3. Results and discussion
3.1. Description of the strains of the BactoTraits database
BactoTraits includes 19 bacterial traits defined at the strain level,
and gathers information from 19,455 bacterial strains. These strains
belong to 34 phyla, with 19 phyla having at least 10 representative
strains (Fig. 1A). BactoTraits consists of 33.3% Proteobacteria (21.7%
gamma- and 8.9% alpha-Proteobacteria), 27.8% Firmicutes, 24.0%

Fig. 2. Trait-based ordination of the strains of BactoTraits by Fuzzy Correspondence Analysis (FCA) and identification of trait-based functional groups (FGr) by
cluster analysis. A) Distribution of strains on the FCA first factorial plane, clustered in 5 functional groups (FGrC, FGrR, FGrL, FGrT and FGrB) based on the K-means
method. Ordination was generated from 5790 strains (solid black circles) having at least 5 trait profiles described. The 13,665 other strains (with 1 to 4 traits
described; coloured circles) were plotted on the first FCA plane and assigned to one functional group (FGrL blue, FGrT red, FGrC cyan, FGrR purple, FGrB green)
based on their lowest distance to the five functional group centroids. B) Location of trait categories on the first factorial plane for the six most discriminating traits (i.
e. with the higher correlation ratio CR1 or CR2 values; for other traits see Fig. S3). Trait category labels are located at the weighted average of the locations of strains
using the corresponding trait categories. CR1 and CR2 are correlation ratios of traits along the F1 and F2 axes. C) Taxonomic distribution at the phylum level for the
5790 core strains belonging to the 5 functional groups. Numbers over the bar plots indicate the numbers of phyla present in each group. See the legend of Fig. 1 for
further details on the taxonomic composition of the group “Others”.
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high taxonomic level) due to a deficit of precise trait information, only
known from few cultivable isolates (Madin et al., 2020). DelgadoBaquerizo et al. (2018) showed indeed that only 45% of the dominant
soil bacterial phylotypes were related to cultivated isolates. However,
our approach is in its first step, and is bound to evolve with additional
information on new cultivable strains. This point highlights the impor
tance of continuing to isolate, characterize and describe traits of new
taxa that are not currently cultivated. BactoTraits includes between
3017 and 5873 strains for most of the traits (Fig. 1A). ‘Oxygen prefer
ence’ and ‘GC%’ are the best-informed traits with 15,516 and 10,065
strains, while ‘Pigment’ of bacterial colonies and ‘Trophic_type’ are the
two least-informed traits with only 101 and 339 strains described,
respectively (Fig. 1A). Only three strains have been fully described for
the 19 traits, but >5000 strains have at least nine traits described
(Fig. 1B). In a similar approach conducted in parallel to our study, Madin
et al. (2020) released an aggregated dataset of 23 phenotypic, genomic
and environmental characteristics of 14,884 species-aggregated records,
but also highlighted the same limits in terms of taxonomy coverage and
lack of information for some bacterial traits.

and Wright (2003), a functional classification scheme in which taxo
nomic diversity and functional diversity are highly correlated would be
of little utility. Even if strains are taxonomically distinct and belong to
various phyla, our study has highlighted that strains of different phyla
can share similar suites of functional traits and lumped into the same
group, highlighting rather low phylogenetic constraints on the compo
sition of functional groups.
3.3. Ecological classification of BactoTraits functional groups
Our approach gave us the opportunity to classify known bacterial
strains in five trait-based functional groups. We have hypothesized that
these five groups with clearly different suites of traits could correspond
to major ecological strategies acquired by bacteria to cope with various
environmental conditions. In the literature, several ecological classifi
cations have been already proposed to help interpreting bacteria com
munity data. The copiotroph-oligotroph continuum was proposed as
analogous to the r- and K-selection theory for plants and animals (Koch,
2001; Fierer et al., 2007). Plants, animals as well as fungi have been also
classified through the C-S-R model (competitors, stress tolerators and
colonizers/ruderals; Grime, 1977) to describe their distribution and
influence on ecosystem processes. Several recent efforts have tried also
to apply the C-S-R life history strategies to microbial assemblages,
especially in the context of environmental changes (Ho et al., 2013;
Krause et al., 2014; Fierer, 2017), and through the description of an
additional group of traits (Wood et al., 2018). Interestingly, Malik et al.
(2020) proposed the microbial Y-A-S (high yield-resource acquisitionstress tolerance) life history framework, which suggests that trade-offs in
resource allocation among traits select microbes under different envi
ronmental conditions. When resources are limited, stress tolerance traits
can trade-off against traits linked to resource acquisition and growth
yield (Schimel et al., 2007; Berlemont et al., 2014). Given the vast
metabolic diversity of microorganisms and their ability to inhabit
extreme environments that are both stressful and frequently disturbed,
we propose a trait-based functional classification of bacteria along three
axes (Fig. 3). The first two axes describe niche colonisation strategy and
stress adaptation, with one axis opposing colonizers to competitors
(FGrT vs. FGrB) and the second opposing stress-tolerators to stresssensitives (FGrL vs. FGrR), with in the middle the mesophilic species
(FGrC), i.e. strains preferring intermediate ranges of values for most of
the studied gradients (O2, pH, temperature, salinity, etc), and including
generalist species. One other axis separates bacteria according to their
resource acquisition ability and their growth yield (r- vs. K-strategists).
The FGrB gathers colonizers or invaders considering their specific
suite of trait attributes. Colonizers or invasive bacteria should be rstrategists with high growth rate, dispersal capacities, phenotypic
plasticity and resource use efficiency that allow access to resources
unavailable to other species, and could facilitate colonisation and
adaptation to novel environments (Litchman, 2010). Gram negative
bacteria are often described as copiotroph r-strategists using simple Ccompounds (Kramer and Gleixner, 2008; Fanin et al., 2019). Long shape
(e.g. filaments) is an advantage for nutrient access (by increasing the
surface/volume ratio) and surface attachment (by increasing the specific
surface area in direct contact with solid particles) (Young, 2006).
Anaerobe growth and ability to grow at extreme temperature insure
colonization potential and survival in various fluctuating environmental
conditions (e.g. in terms of redox, temperature or even pH), because
thermophilic and psychrophilic bacteria have often the ability to
tolerate wide pH range (Dhakar and Pandey, 2016). Colonizers have
been also characterized as ruderal species (Grime, 1977) favored in
disturbed environments.
At the opposite, small-sized, spherical and/or Gram-positive bacteria
of the FGrT (Fig. 3) have been considered as competitors, with traits
improving the access to resources even when limited (“high resource
acquisition” in the Y-A-S model (Wood et al., 2018) or K-strategy), and
promoting strategies against mortality. Oligotrophic environments with

3.2. Functional groups of strains based on similar suites of trait attributes
A functional ordination of the strains included in BactoTraits was
established through a fuzzy correspondence analysis (FCA; Fig. 2) based
on the 5790 strains having at least 5 traits entered in the database
(Fig. 1B). The FCA of the strain-by-trait array allowed a description of
both trait-based similarities among strains and the relationships among
trait categories. FCA was already used for analysing trait-based func
tional diversity (Ilg and Castella, 2006; Beauchard et al., 2017). The
distances between strains on the first factorial plane were used to cluster
them into five functional groups (FGr; Fig. 2A, functional group labels
were defined based on their location on the FCA first factorial plan, FGrC
at the centre, FGrR on the right, FGrL on the left, FGrT on the top and
FGrB on the bottom). Correlation ratios (CR; Chevene et al., 1994)
allowed the identification of traits that were best explained by the first
two axes. The categories of the traits ‘NaCl_delta’, ‘NaCl_opt’, ‘NaCl_
range’, ‘pH_Optimum’ were well separated along the F1 axis (0.21 <
CR1 < 0.59), and those of the traits ‘GC%’, ‘Gram’, ‘Oxygen’, ‘Length’,
‘Shape’, ‘Temperature_opt’ and ‘Motility’ were rather well separated
along the F2 axis (0.17 < CR2 < 0.42; Fig. 2B and Fig. S3). The cate
gories of other traits were not clearly discriminated on the first factorial
plane (Fig. S3).
The five functional groups of strains corresponded to specific com
binations of traits (for some examples see Fig. 2B or Fig. S3) that provide
adaptive solutions to particular habitats. FGrB and FGrT were separated
along the second axis (Fig. 2A). FGrB strains are mostly Gram negative
mobile bacteria, anaerobe, having long shape (curved, spiral or fila
ment), with extreme temperature optimum for growth (below 10 ◦ C and
above 40 ◦ C). FGrT strains are mostly Gram positive non-mobile bacteria
with high GC percent (>66.3%), being aerobe, small-sized, and having
spheric or ovoid shape. FGrL and FGrR were separated along the first
axis (Fig. 2A). FGrL strains are spore-forming bacteria with high toler
ance to salinity (>8% NaCl), high pH (pH 8–14) and temperature
(34–40 ◦ C) optima and high tolerance to temperature variation (delta >
30 ◦ C) for growing. FGrR strains have low tolerance to salinity (≤1%
NaCl), and low pH optimum (0–6 and 6–7). Finally, strains of FGrC,
located close to the origin of the first factorial plane, could exhibit i) trait
profiles without particular specialization, ii) a wide distribution of their
trait attributes in the first factorial plane or iii) two sets of trait attributes
with opposed locations along the same axis, these different patterns
resulting in a mean location of the group at the centre of the FCA first
factorial plane.
The five functional groups consisted of 741 to 1428 strains belonging
to 10 to 22 phyla, with a relatively homogeneous taxonomic distribution
of strains across functional groups at the phylum level, except for FGrT
gathering most of the Actinobacteria (Fig. 2C). As explained by Naeem
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Fig. 3. Ecological classification of the five functional groups (mesophiles, stress-tolerants, stress-sensitives, colonizers and competitors) defined through FCA analysis
and their major trait attributes. Groups are defined based on their niche colonization (red), stress adaptation (blue), resource acquisition and growth yield (r- and K
strategists in green and orange, respectively) properties.

low substrate concentrations in the environment would favor smaller
bacteria since they consume less energy for their survival (Schulz and
Jørgensen, 2001). Being small may be also advantageous for life in
inner-microaggregate environments not colonized by other microor
ganisms, giving access to low concentrated unexploited resources
(Mummey and Stahl, 2004). Furthermore, Gram-positive bacteria are
recognized as oligotrophs capable of using complex carbon forms
(Kramer and Gleixner, 2008; Fanin et al., 2019) justifying their advan
tage as competitors. One general hypothesis would be that bacteria from
the FGrT could be luxury consumers (i.e. organisms acquiring an excess
of non-limiting resources) of certain nutrients (C, N, P; Goberna et al.,
2014) giving them a competitive advantage through carbon and energy
storage materials when resources become scarcer (de Mazancourt and
Schwartz, 2012). Traits of the FGrT group also confer protection to
bacteria by avoiding excess mortality (ruderal species; Grime, 1977).
Small bacteria could escape viral lysis (Weinbauer and Höfle, 1998) or
predation by bacterivorous flagellates, protozoa or nematodes (Ander
sson et al., 1986; Hahn and Höfle, 2001). Gram-positive bacteria are
known for production of toxins (Hibbing et al., 2010) or antibiotics
(Hussein et al., 2018) having allelopathic action against other species, as
in Streptomyces species (Barazani and Friedman, 2001).
The bacteria from the FGrL and FGrR were respectively defined as
stress-tolerants and stress-sensitives. Stress could be a change in envi
ronmental conditions (changes in humidity, nutrients, temperature,
pollutant content) that has an adverse impact on organism growth and
survival. Goberna et al. (2014) determined bacterial traits enabling
tolerance to abiotic factors and environmental stresses such as traits of

survival and adaptation to environmental fluctuations (Odum, 1959).
Salinity (e.g. halotolerant or halophilic organisms; Oren, 2006), tem
perature and alkaline pH tolerance but also resistant structures (e.g.
spores) formed to overcome environmental stress and germinate under
more favorable conditions (Dworkin, 2006) are stress-tolerant traits
characterizing the FGrL bacteria (Fig. 3).
BactoTraits is bound to evolve and it will be interesting to see in the
future how the addition of new traits or new strains would modify the
trait-based ordination of strains. The functional group description would
benefit from new inputs likely to provide more adequate and robust
definition of their phenotypic, genomic and ecological preferences. For
example, (i) genomic traits such as the genome size, the number of 16S
rRNA gene copies, the number of coding genes and the functional cat
egories of genes, (ii) metabolic traits such as the carbon substrate used
(Madin et al., 2020), biofilm formation, pathogenicity, mobile element
content and oxidative stress tolerance (BugBase; Ward et al., 2017), the
production of specific enzymes or their involvement in C, N, P, Fe cycle
steps, and (iii) tolerance traits such as antibiotic or metal resistance,
would be of great interest to complete the description of the adaptive
potential of bacterial communities to perturbations.
3.4. Example of BactoTraits application: Case study on bacterial
communities of PAH and metal contaminated soils
We examined if taxa colonizing different soils with similar contam
ination types and levels would harbor similar suites of trait attributes.
We questioned if PAH or metal contamination would favor – or impair –
8
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bacterial functional traits or functional groups or would modify the
functional diversity observed at the single trait (CSI, OL, Rao index) and
multi-traits levels (functional richness, evenness, diversity, dispersion
and RaoQ). Significant differences in functional diversity could indicate
post-contamination adaptation of bacterial communities insofar as these
trait-based metrics have been already linked to community assembly
processes (Mouchet et al., 2010; Spasojevic and Suding, 2012; Mason
et al., 2013) or ecosystem functioning (Petchey et al., 2004; Mouillot
et al., 2011).
Based on their physico-chemical characteristics, the soils were
gathered into 3 types (uncontaminated controls, slag heaps with high
PAH and low metal contamination, and settling ponds with high metal
and low PAH contamination) that were significantly different based on
the trait attributes of bacteria (OTUs) present in the communities
(PERMANOVA, F = 5.81, p < 0.001), as illustrated by the NMDS anal
ysis (Fig. 4). Bacterial assemblages of slag heap sites have lower
dispersion in their trait attributes than the assemblages of the other two
groups of soils (Permutation test, F = 7.31, p = 0.006). Based on
Kruskal-Wallis tests (p < 0.05) and Dunn’s multiple comparisons we
determined which trait attributes and functional groups were signifi
cantly favored in the three soil types (Fig. 4).
Uncontaminated control soils, contaminated settling pond soils and
slag heap soils exhibited a significantly higher relative proportion of
bacteria belonging to FGrC (“Mesophiles”), FGrB (“Colonizers”) and
FGrR (“Stress-sensitives”), respectively (Fig. S4). These results suggest
that bacterial communities adapted to their environment, with different
functional groups being favored according to their habitat physicochemical characteristics and PAH or metal contamination levels.
Significant differences have been identified in functional trait-based
index values among the three soil groups (Figs. S5A, B and C). Overlap
index (OL) values of several traits (e.g. OL_pH_opt, OL_GC%, OL_spore)
were always lower for uncontaminated control soils than for both types
of contaminated soils, indicating higher between-species trait variability
in “reference” conditions. For traits such as specialization CSI (CSI_
NaCl_delta) and Rao diversity (Rao_Oxygen, Rao_Length), values were
respectively lower and higher for settling pond soils than for both other

soil types, indicating a higher functional diversity in settling pond soils
with more generalist species. The opposite pattern was observed for slag
heap soils (higher CSI_Gram and CSI_Temp_delta; lower Rao_Shape and
Rao_spore), indicating more specialized species but a lower diversity of
trait attributes within bacterial assemblages. This finding could indicate
rather lower niche complementarity in slag heap sites (Mason et al.,
2013). This convergence of functional traits in bacterial communities
highlighted the selection of one major preferential functional strategy in
constrained habitats. Macrobenthic assemblages have already exhibited
similar patterns, with higher functional divergence and trait dispersion
in non-contaminated areas than in sewage contaminated areas (Gusmao
et al., 2016). However, no significant differences among the three soil
types (Fig. S5D) were found for functional richness (FRic), diversity
(FDiv), evenness (FEv), dispersion (FDis) and RaoQ indices, taking into
account all the functional traits together. But we must remain cautious
in the interpretation of the observed responses of these indices, taking
into account the potential bias in calculated values due to the lot of
missing data for some traits in BactoTraits.
To identify links between environmental condition and trait-based
metrics, correlations between trait attributes (or functional indices
calculated at the trait level) and soil parameters were established. They
should help to distinguish the suites of trait attributes best linked to soil
physico-chemical parameters and to metal and/or PAH contamination
descriptors (Fig. 5).
Soil pH is one of the main parameters shaping bacterial community
structure (Rinnan et al., 2009; Rousk et al., 2012). A soil pH increase
seemed to favor a higher proportion of bacteria with a growth pH op
timum of 7–8, a tolerance to alkaline pH (pH_ranges 7–8, 8–10 and
10–14) and high values of OL indices for “pH_opt” and “pH_range”, as
shown through positive correlations (Fig. 5). Acidic soil pH values
seemed to favor a higher proportion of bacteria with pH ranges of 0–4
and 4–6, pH optimum at 0–6, pH delta of ≥ 1–2 units and high values of
CSI index for “pH_range” (Fig. 5). These intuitively predictable results
have emphasized the consistence of our trait-based approach and vali
dated the inference of functional trait through BactoTraits. However,
other non-intuitive results have been obtained, e.g. bacteria without
spore formation ability, with optimal temperature below 10 ◦ C and NaCl
optimum of 1–3% were favored with a pH increase, and the proportion
of non-motile, ovoid and anaerobic bacteria increased with a pH decline
(Fig. 5). These suites of traits inform on bacteria lifestyle depending on
soil pH. Moreover, pH was positively correlated with two CSI indices
and three OL indices, indicating an increased specialization for “Gram”
and “Width” traits and a more even representation of trait attributes for
“Temp_range”, “GC%” and “Oxygen”, when pH increases.
Several physico-chemical characteristics seemed to influence the
trait profiles of the bacterial communities (soil texture, COD, Na, N, and
P2O5 contents) while others (Fe, C and C/N) only showed few correla
tions with the studied traits. For example, soil texture (percentage of silt
or sand) was correlated with a wide variety of functional diversity de
scriptors (Fig. 5). Sand content was positively correlated with five CSI
and three OL indices, with small, Gram-negative bacteria exhibiting
temperature optimum between 10 and 22 ◦ C, slightly alkalin pH opti
mum, low pH delta tolerance and/or intermediate salt tolerance. The
percentage of silt was positively correlated with bacteria capable of
anaerobic metabolism, having filament shape and with high (above
40 ◦ C) temperature optimum and range. Moreover, an increase in soil
DOC content favored Gram positive, spore forming, ovoid, non-motile
and large (width > 0.9 µm) bacteria, having acidic pH optimum and
range (Fig. 5).
One of our objectives was also to study the impact of metals and
PAHs on the selection of bacterial traits. Total zinc concentration, a
proxy of metal contamination in these post-industrial brownfield soils
(Lemmel et al., 2019), was positively correlated with the proportion of
microaerophile bacteria, with filament shape, high temperature opti
mum (≥40 ◦ C) and tolerance range and temperature delta of 5–10 ◦ C,
(Fig. 5). The soils having the highest zinc contamination were ancient

Fig. 4. Nonmetric multidimensional scaling (NMDS) based on the Bray-Curtis
distance representing the dissimilarity among the three soil types (controls in
blue, slag heaps in green and settling ponds in brown) based on the weighted
mean of trait attributes. Trait attributes significantly more represented in
controls, slag heaps and settling ponds are represented by blue, green and
brown crosses and bold types, respectively. Trait attributes significantly less
represented in controls, slag heaps and settling ponds are represented by blue,
green and brown stars, respectively. Other trait attributes appear as red crosses,
but for simplification, names of all the trait attributes do not appear.
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Fig. 5. Heatmap showing the correlations between soil characteristics of the 10 studied sites and functional trait diversity parameters (weighted mean values of each
trait attribute, overlap OL and CSI indicator of each trait and functional group GrT “competitors”, GrB “colonizers”, GrC “mesophiles”, GrL “stress-tolerants”, GrR
“stress-sensitives”). See Table 1 for the full description of traits and trait attributes.
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settling ponds. The observed selection of bacterial traits could probably
be explained by the anoxic conditions and higher temperatures found in
settling ponds few decades ago. Bacterial adaptation to high tempera
ture could be an advantage to cope with high metal contamination.
Babich and Stotzky (1982) observed an increase in the resistance of
Aspergillus flavus to Ni by increasing the temperature from 23 to 33 ◦ C.
Atlas et al. (1991) found a different growth response to temperature in
microbial populations of undisturbed control versus chemically
contaminated environments. Finally, Dı́az-Raviña and Bååth (2001)
indicated that heavy metal pollution led to metal-tolerant communities
with temperature responses (e.g. an increase in temperature tolerance)
differing from those of communities in unpolluted soils.
Cadmium and zinc were correlated to different traits (Fig. 5). An
increase in Cd concentration induced an increase in the proportion of
bacteria having high GC percentage, pH range up to 10–14 and toler
ating high pH variation (delta of 5 to 9 pH units). The relationship be
tween high GC content and cadmium resistance was recently shown
(Chen et al., 2020). In soil the availability and toxicity of Cd increase
when soil pH decreases. Then we could hypothesize that bacteria
inhabiting soil highly polluted with Cd would have developed mecha
nisms to locally increase pH in their surrounding environment to
decrease Cd negative impact. Moreover, industrial Cd-contaminated
soils often harbor alkaline pH, favoring the development of bacteria
with high pH value tolerance.
PAH total concentration in soils was positively correlated with three
clusters of trait attributes (Fig. 5). The more soils were PAHcontaminated, the more bacterial community was composed of facul
tative anaerobes/aerobes with spherical or curved/spiral shapes,
without the ability to produce spores and having alkaline pH optimum
for growth (pH ≥ 8–14), low pH delta tolerance (≤1 pH unit) and me
dium temperature optimum (≥10-22 ◦ C) but high temperature variation
tolerance (delta ≥ 30 ◦ C). As PAHs are hydrophobic compounds, high
PAH content could induce the formation of almost anoxic microniches,
favoring bacteria capable of growth with limited oxygen content. Aged
PAH-contaminated brownfield soils, such as slag heaps, often exhibit
alkaline pH (Joimel et al., 2016).
It is interesting to note that the occurrences of bacteria belonging to
our functional groups were also correlated with some soil parameters.
Stress-sensitive strains of FGrR were positively correlated with soil sand
content (Fig. 5), probably explaining why they were more represented in
slag heap soils (Fig. S4) with a more sandy texture than the other soil
groups. The occurrence of FGrC mesophiles were negatively correlated
with soil pH and sand content but positively correlated with soil nutrient
content (e.g. Na and DOC contents). Higher carbon and mineral nutrient
availabilities could explain the higher proportion of bacteria belonging
to FGrC in uncontaminated control soils. The occurrence of bacteria
belonging to FGrT (competitors) was positively correlated with soil ni
trogen and phosphorus (N and P2O5) contents. Sarathchandra et al.
(2001) and Zhang et al. (2007) previously demonstrated that the func
tional diversity of soil microflora decreased after many years of N and P
soil fertilisation, and that NPK fertilizer application stimulated Grampositive bacteria and increased the proportion of Actinomycetes
belonging to Actinobacteria shown to be dominant in FGrT (Fig. 2).
FGrT was also characterized by bacteria with high GC%. GC content is
positively correlated with bacterial genome size (Nishida, 2012), and
larger genomes allow the microorganisms to adapt to a higher variety of
environmental conditions (Litchman, 2010; Bentkowski et al., 2015;
Cobo-Simón and Tamames, 2017). Thus FGrT probably consists of
bacteria with high resistance to environmental fluctuations. Finally, the
occurrence of bacteria belonging to FGrB (colonizers) was positively
correlated to soil zinc content and negatively correlated to DOC content.
Colonizers are indeed often autotrophic bacteria with the ability to
colonize oligotrophic and mineral environments.

4. Conclusions
Although trait-based approaches had been rarely applied to micro
bial communities, we have demonstrated how such approach can be
used to more deeply understand bacterial community assembly and
have started explaining the shifts in microbial community composition
across environmental gradients based on trait-related functional
criteria. Through this approach we could have a better understanding of
the functional role of bacteria in disturbed environments. We could also
establish links between bacteria community diversity and certain trait
assembly, and better understand adaptation or tolerance mechanisms.
We will need to test this approach on a higher number of environmental
sites and at larger scale, but our trait-based approach is likely to help to
define good bioindicators of environmental changes. BactoTraits could
be widely used by the whole microbial ecologist community working on
various ecosystems from soil and aquatic environments to human or
animal microbiotes and studying many different environmental gradi
ents and anthropogenic stress filters. Drawbacks of this functional trait
inference from data acquired on cultivated bacterial strains have been
previously highlighted (Barberán et al., 2017). Effort is still needed for
completing BactoTraits with trait preferences from new isolates as well
as new ecological, physiological and genomic traits (Madin et al., 2020).
Compiling phenotypic information from cultivated bacterial strains and
integrating this information with genomic or marker gene data are
critical for advancing the field of microbial ecology. Even though this
study gives us fundamental aspects about the ecology of bacteria in their
environment, the next important step would be also to formulate hy
potheses on the links between specific traits and ecosystem functions
that will need to be tested.
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