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1  |  INTRODUC TION

Environmental changes and disturbances caused by anthropogenic 
activities are an increasing threat to natural ecosystems (Grimm 
et al., 2013). To understand the effect of environmental distur-
bances on the functioning and composition of species assemblages 

it is essential to examine the response and adaptions of individual 
species in a changing environment. In this context, the assessment 
of niche dimensions has been one of the most important questions 
in ecology for understanding the biological adaptation of individual 
species to environmental change (Slatyer et al., 2013). The ecological 
niche is a fundamental concept in ecology and is defined as the set of 
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Abstract
Understanding the molecular mechanisms that determine a species' life history is im-
portant for predicting their susceptibility to environmental change. While specialist 
species with a narrow niche breadth (NB) maximize their fitness in their optimum hab-
itat, generalists with broad NB adapt to multiple environments. The main objective 
of this study was to identify general transcriptional patterns that would distinguish 
bacterial strains characterized by contrasted NBs along a salinity gradient. More spe-
cifically, we hypothesized that genes encoding fitness- related traits, such as biomass 
production, have a higher degree of transcriptional regulation in specialists than in 
generalists, because the fitness of specialists is more variable under environmental 
change. By contrast, we expected that generalists would exhibit enhanced transcrip-
tional regulation of genes encoding traits that protect them against cellular damage. 
To test these hypotheses, we assessed the transcriptional regulation of fitness- related 
and adaptation- related genes of 11 bacterial strains in relation to their NB and stress 
exposure under changing salinity conditions. The results suggested that transcrip-
tional regulation levels of fitness-  and adaptation- related genes correlated with the 
NB and/or the stress exposure of the inspected strains. We further identified a short-
list of candidate stress marker genes that could be used in future studies to monitor 
the susceptibility of bacterial populations or communities to environmental changes.

K E Y W O R D S
generalists, niche width, salinity, specialists, stress marker genes, stress response, 
transcriptome

www.wileyonlinelibrary.com/journal/mec
mailto:
https://orcid.org/0000-0002-0389-7154
https://orcid.org/0000-0003-1840-6984
mailto:
https://orcid.org/0000-0002-7151-5680
mailto:
https://orcid.org/0000-0003-3707-4487
http://creativecommons.org/licenses/by/4.0/
mailto:sara.beier@io-warnemuende.de
http://crossmark.crossref.org/dialog/?doi=10.1111%2Fmec.16316&domain=pdf&date_stamp=2021-12-23


    |  1217RAIN- FRANCO et Al.

environmental conditions, under which species can live and repro-
duce (Hutchinson, 1957). The niche breadth (NB) is defined as the 
width of an organism's fitness curve over an environmental gradient 
and can be used to discriminate between generalist and specialist 
species (Devictor et al., 2010; Lynch & Gabriel, 1987). Specialists 
with a narrow niche possess traits that optimize fitness in their opti-
mum habitat at the expense of performance under suboptimal con-
ditions, while generalists with a broad niche are considered to be 
less competitive under optimal growth conditions but feature higher 
resistance against changing conditions (Huey & Slatkin, 1976; Jasmin 
& Kassen, 2007; MacArthur, 1972). Accordingly, specialists are lo-
cally adapted organisms and are considered to be particularly en-
dangered by environmental disturbances that are predicted to occur 
more frequently under climate change scenarios (Colles et al., 2009; 
Planton et al., 2008; Thuiller et al., 2005).

Different approaches for NB estimations have been used in 
previous research that were based for example on the number of 
different resources an organism can use, the number of abiotic asso-
ciations and biological interactions an organism is involved in, or its 
tolerance against changing environmental conditions (Sexton et al., 
2017). Among these aspects, environmental tolerance has been 
demonstrated to be one of the most important factors determining 
the geographical distribution of species (Slatyer et al., 2013).

Stress refers directly to the decrease of an organism's fitness 
caused by external constraints, such as nutrient limitation, but also 
physical factors, such as temperature or salinity changes (P. Grime 
J. & Pierce, 2012). Stress is accordingly linked to NB, where species 
with a narrow NB exhibit a larger variability in fitness under the 
same environmental change compared with species with a broad NB 
(e.g., Matias et al., 2013). However, while NB is a constant parameter 
for a given species and environmental parameter, the stress expo-
sure of this species depends on the environmental gradient under 
inspection (Figure 1).

Microbes have been used widely over the past few decades to test 
general ecological theory (Bell et al., 2009; Ladau & Eloe- Fadrosh, 
2019), and including the integration of functional perspectives has 
helped to elucidate the link between traits and niche- related pro-
cesses (Krause et al., 2014). The short generation times of microbes 
and their small size allow for controlled and replicable experiments 
at different spatial and temporal scales (Jessup et al., 2004). In com-
bination with powerful sequencing techniques, microbes can be 
used as model systems for studying molecular mechanisms that are 
associated with the adaptation of species to environmental change 
concerning their NB. Moreover, microorganisms are the main drivers 
of carbon and nutrient cycling in all environments and therefore are 
relevant to the function of ecosystems (Konopka et al., 2015).

The insurance hypothesis states that high species diversity pro-
vides insurance against disturbances, because diversity increases 
the probability that the performance of maladapted species is 
compensated for by others due to functional redundancy (Yachi & 
Loreau, 1999). However, it has been shown that different ecological 
strategies can shape biodiversity– insurance relationships (Matias 
et al., 2013). The impact of the NB distribution in communities 

on biodiversity– insurance and biodiversity– ecosystem– function 
relationships (Gravel et al., 2011; Matias et al., 2013) or dispersal 
and community assembly mechanisms (Shen et al., 2018; Szekely 
et al., 2013) underlines the importance of the NB concept in un-
derstanding community functional and compositional dynamics. 
Transcriptome data of microbial organisms represent a blueprint 
of their response and tolerance to environmental change and 
could be used as a tool to understand the molecular mechanisms 
behind resistance but also to identify NB distributions in more 
complex species assemblages. Our main objective was therefore 
to investigate whether there are commonly valid transcriptional 
regulation mechanisms that are related to the tolerance- based NB 
of microorganisms. We are aware of one earlier study address-
ing general differences in the transcriptional regulation patterns 
of oligotrophic vs. copiotrophic aquatic bacterial strains (Cottrell 
& Kirchman, 2016). However, to our knowledge, this is the first 
study that aims to identify transcriptional patterns that allow us 
to discriminate between generalist and specialist life histories or 
to rank stress exposure responses. This will make it possible in 
future studies to learn more about the susceptibility of bacterial 
organisms to environmental change.

By definition, the fitness of specialists is more variable along an 
environmental gradient than that of generalists (Lynch & Gabriel, 
1987). We therefore hypothesized that genes that are directly in-
volved in fitness- related traits, such as growth or biomass produc-
tion, have a higher level of transcriptional regulation in specialists 
than in generalists under changing environmental conditions. Due 
to a negative relationship between NB and stress exposure and the 
causal link between stress and fitness (Figure 1), we expect to de-
tect the opposite relationship between gene regulation and stress 

F I G U R E  1   Schematic illustration for NB estimation and stress 
exposure. The NB is a constant parameter for each species defined 
as the length of the environmental gradient covered by the fitness 
curve of the species at a given fitness value. Stress is quantified 
as the difference in fitness between any pair of environments 
E1 and E2. Depending on the position of Env.1 and Env.2 along 
the environmental gradient, stress can take all values between 
0 and the maximum fitness value maxF. We hypothesized that 
the NB and accordingly the stress an organism is exposed to 
after environmental change is linked to general patterns of its 
transcriptional response, which eventually is manifested in the 
organism's physiological response to changing environmental 
conditions 
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exposure levels (H1). We furthermore hypothesized that general-
ist species would exhibit higher transcriptional regulation of genes 
encoding traits involved in the physiological adaption to changing 
environmental conditions than specialists (H2). This hypothesis re-
fers to all genes that prevent damage from cells under suboptimal 
environmental conditions.

To test these hypotheses we incubated 11 bacterial strains with 
varying tolerance against salinity changes at different salinity lev-
els and tested correlations of transcriptional regulation patterns of 
fitness-  and adaptation- related genes against NB and stress. We 
furthermore present a list of candidate stress marker genes whose 
transcriptional regulation correlated to stress exposure and which 
may be applied in future studies to monitor stress in microbial pop-
ulations or communities.

We have chosen changing salinity as a stressor because it has 
been described as one of the major abiotic drivers of microbial 
community composition across several environments (Lozupone 
& Knight, 2007). Changing salinity conditions are furthermore en-
vironmentally relevant because climate change scenarios predict 
an increasing occurrence of salinity changes caused by droughts, 
storms, floods and river run- off (Seneviratne et al., 2012).

2  |  METHODS

2.1  |  Bacterial fitness curves

To assess the effect of the NB on bacterial transcriptional activity, 
we included bacterial model strains in our study that belong to a 
larger collection of 148 isolates originating from several aquatic en-
vironments with different salinities (Matias et al., 2013). The NB of 
all isolates had been estimated by Matias et al. (2013) via discrete 
optical density (OD) measurements after 48 h of growth and using 
a polynomial model. For our study, based on these earlier NB esti-
mations, we selected 11 strains with contrasting halotolerance that 
exhibited a maximum at a salt concentration of ~30 g L−1 NaCl (here-
after used as salinity) and that affiliated with different phylogenetic 
lineages (Table 1; Table S1).

To ensure the purity of all isolates, cryopreserved cells from all 
11 strains were re- isolated after plating on standard LB agar to which 
20 g L−1 NaCl was added (final salinity of 30 g L−1 NaCl). A single col-
ony was picked and transferred into a tube containing 2 ml of liquid 
LB medium (final salinity of 30 g L−1 NaCl), incubated at room tem-
perature, and then cryopreserved using glycerol as cryoprotectant 
for downstream applications.

The number of only 11 strains included in our study allowed us 
to apply a more labour- intensive but also more accurate protocol 
compared to an earlier approach (Matias et al., 2013) to assess their 
tolerance against salinity changes: cells from the strains were de-
frosted for 15 min at room temperature and used to inoculate ster-
ile standard LB medium (Carl Roth; final salinity of 30 g L−1 NaCl), in 
which they were incubated for 2 days at 25°C. Next, 300 µl sterile 

standard LB medium (Carl Roth) with different NaCl concentrations 
(10, 20, 30, 40, 50, 60, 70, 80, 90 and 100 g L−1) was distributed in 
96- well microplates and inoculated with the same number of cells 
from the individual strains, respectively (six replicates per strain 
and salt concentration). Growth of the strains at 25°C was moni-
tored in each well by hourly measuring their cell densities via the 
OD at 600 nm (after shaking at medium intensity, with orbital shak-
ing set to 20) in a Paradigm Microplate reader (Molecular Devices) 
until the plateau phase was reached (Figure S1).

The fitness of strains under the different salt concentrations was 
assessed based on their growth curves in each medium by using their 
maximum cell densities and their growth rates. Growth rates were 
estimated by fitting a logistic growth equation as detailed elsewhere 
(García et al., 2018) until maximal cell densities were reached. We 
further excluded the lag- phases defined by the period until initial 
OD values had doubled from growth rate estimations because the 
lag- phases were probably impacted by an acclimation phase only in 
those media that differed from the salinity in the preculture medium. 
The growth curves of some strains differed over the salinity gradi-
ent mainly in their maximal cell densities, while others differed more 
strongly in the incubation time after which the maximal growth den-
sity was reached and accordingly in their growth rates (Figure S1). To 
integrate these different aspects of fitness we created a combined 
fitness index from the product of maximum cell densities and growth 
rates for each strain in the given medium. This combined fitness 
index was used for all downstream analyses. Fitness curves were fit-
ted by applying either a lognormal or a gaussian model to the fitness 
values along the salinity gradient, while the best model was selected 
by the Akaike information criterion (Figure 2; Table S1).

The NB of the strains was calculated after normalizing the 
fitness curves by dividing by the maximal modelled fitness value 
as the salinity range in g L−1 NaCl where the individual strains 
reached at least 50% of the extrapolated normalized fitness. The 
resulting fitness curves featured in most cases asymmetric shapes 
(Skewness >0; Table 1), implying that the strains were character-
ized by differential tolerances against hypoosmotic and hyperos-
motic stress (Figure 2). For this, we divided the NBs between the 
right (hyperosmotic) and left (hypoosmotic) sides relative to the 
modelled optimal salt concentration to obtain a side- dependent 
hyperosmotic and hypoosmotic NB for each strain (Figure 3; 
Table 1). Beyond NB estimations, fitness curves allow us also to 
delineate stress exposure levels in response to changing salinity, 
by subtracting the fitness values at the start and end points of a 
salinity gradient (Figure 3). NBs are negatively related to stress 
levels if the stress values are assessed for salinity gradients that 
are located symmetrically around the optimum fitness value 
(Figure 4). However, stress values can be determined for every 
arbitrary salinity gradient, within which the growth of a strain is 
detected. Accordingly, for any given strain and independently of 
its NB, all stress values between zero and one can be obtained in 
dependence of the position and strength of the salinity gradient 
of interest.
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2.2  |  Transcriptional response to changing 
salinity levels

For downstream RNA extractions, each strain was grown in duplicate 
at three salinity levels and 25°C (100 r.p.m.) in sterile glass tubes con-
taining 15 or 50 ml LB medium (Table S2). We originally had planned 
to grow the strains for this experiment at their optimal salinity levels 
(S2), as well as two salinity levels, each located symmetrically 15 g L−1 

NaCl at the hyper-  and hypoosmotic side from the optimum (S1, S3) 
(Figure 3). However, in several cases, the incubation salinity levels 
were shifted relative to the optimum salinity, because we had used 
polynomial models for NB estimations to design the experiment as 
detailed earlier (Matias et al., 2013). We later decided to optimize the 
fitness models as described above (Figure 5).

To monitor the growth of the strains during the experiments, 
300- µl aliquots from the inoculated medium were pipetted in 

TA B L E  1  Summary of strains used in this study and their niche breadth (NB) characteristics

Strain ID
Phylogeny (Class | Order | 
Family | Genus)

NB 
(NaCl g L−1)

Optimum modelled 
salinity (NaCl g L−1) Skewness

Hypo- osmotic 
NB

Hyper- osmotic 
NB

S331 Gammaproteobacteria 
| Pseudomonadales 
| Halomonadaceae | 
Halomonas

143 −5 0.93 45 98

S337 Gammaproteobacteria| 
Pseudomonadales | 
Marinomonadaceae | 
Marinomonas

48 42 1.14 17 31

S338 Gammaproteobacteria| 
Pseudomonadales | 
Marinomonadaceae | 
Marinomonas

53 33 1.44 17 36

S366 Gammaproteobacteria| 
Pseudomonadales | 
Marinomonadaceae | 
Marinomonas

56 35 1.32 18 38

S374 Gammaproteobacteria| 
Pseudomonadales | 
Marinomonadaceae 
|Marinomonas

58 35 1.21 18 40

S432 Gammaproteobacteria 
|Enterobacterales | 
Alteromonadaceae| 
Pseudoalteromonas

50 44 1.02 18 32

S479 Gammaproteobacteria| 
Enterobacterales | 
Alteromonadaceae| 
Pseudoalteromonas

58 53 0.15 29 29

S490 Gammaproteobacteria| 
Enterobacterales | 
Alteromonadaceae| 
Pseudoalteromonas

51 42 1.22 18 33

S599 Alphaproteobacteria | 
Rhodobacterales | 
Rhodobacteraceae | 
Celeribacter

29 49 0.49 12 17

S618 Gammaproteobacteria 
| Enterobacterales | 
Vibrionaceae | Vibrio

67 21 1.23 14 53

S630 Actinobacteria | 
Actinomycetales | 
Micrococcaceae | 
Nesterenkonia

140 41 0.61 29 111
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96- well microplates. The microplates were incubated at the same 
temperature as in the glass tubes either in a Paradigm Microplate 
reader (Molecular Devices) or in a VICTOR Multilabel Plate Reader 

(PerkinElmer), where hourly measurements for OD (600 nm) were 
performed after 5 s of shaking. During the exponential phase that 
was monitored in real- time for each bacterial strain via OD mea-
surements (Figure S2), samples for RNA extraction and cell enu-
meration were harvested from the glass tubes. In order to stop 
the incubations, 13.5 or 48.5 ml of the cultured bacteria was 
fixed by adding 1.5 or 5.4 ml of a 5% solution of phenol/chloro-
form 5:1 (Sigma- Aldrich) diluted in absolute ethanol (Sigma) (Feike 
et al., 2012). The fixed cell cultures were centrifuged (8500 g for 
5 min) and the supernatant was carefully discarded. Next, 300 µl 
of RNA later (Sigma- Aldrich) was added to the pelleted cells that 
were resuspended by pipetting up and down. The cell suspension 
was transferred into a 2- ml tube, flash- frozen in liquid nitrogen and 
stored at −80°C for later RNA extraction (Table S2 for incubation 
details).

From the remaining volume in the incubation tubes, 1200 µl 
was fixed with glutaraldehyde (0.1% final concentration) and kept at 
−80°C until later analysis for cell enumeration. The number of cells 
was estimated by flow cytometry in a Cytoflex Flow Cytometer 
(Beckman Coulter) using a standard procedure described elsewhere 
(Marie et al., 2000).

F I G U R E  2  Fitness estimations and modelled curves. Black 
points indicate the fitness indices from six replicates per strain 
at each salinity level, respectively. Grey lines indicate the fitness 
curves fitted according to the Akaike information criterion either 
via a lognormal (L) or gaussian (G) model 

F I G U R E  3  Schematic illustration for side- dependent NBs and stress exposure. Most of the 11 model strains were characterized by 
asymmetric fitness curves. The hyper-  and hypoosmotic NBs are indicated with red and blue arrows, respectively. Stress exposure levels 
along salinity gradients (here S1:S2, S2:3 and S1:S3) can be estimated by subtracting fitness values at the start and end point of the salinity 
gradients under consideration (here ΔF1, ΔF2 or ΔF3). In contrast to the NBs, stress exposure is not a constant parameter for a given species 
but depends on the position and length of the salinity gradient under inspection (i.e., the position of S1, S2 or S3)
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2.3  |  DNA extractions for genome sequencing

The strains were incubated in 2 ml LB (salinity of 30 g L−1 NaCl) for 
5 days at room temperature, pelleted and stored at −30°C until DNA 
extraction. DNA was extracted following the standard protocol of the 
Gentra Puregene Cell Kit (Qiagen). The concentration and quality of 
the eluted DNA were tested by electrophoresis (1% agarose gel) and 
using a Quantus fluorometer using the PicoGreen assay (Promega). 
The extracted DNA was sent for library preparation and genome se-
quencing (DNA shot gun library, insert size: 300 bp, 2 × 150- bp reads, 
Illumina NextSeq 500 V2). Library demultiplexing of libraries via the 
Illumina bcl2fastq 2.17.1.14 software (two mismatches allowed, mini-
mum length <20) was carried out by the sequencing company.

2.4  |  RNA extractions for 
transcriptome sequencing

Cells harvested during their exponential growth phase from the 
incubation experiment at different salt concentrations were de-
frosted at room temperature and pelleted by centrifugation, and 
the supernatant containing RNA later solution was discarded. The 
RNA extractions were performed for all strains using the Direct- zol 

RNA- Miniprep Plus (Zymo Research) following the manufacturer's 
instructions, except for strain S630. For downstream absolute tran-
script quantification (Satinsky et al., 2013), 5 ng of a spiked- in RNA 
standard (=9 × 106 standard molecules) was added to the cell lysis 
solution of each individual extraction (TRIzol reagent, the first step of 
the extraction protocol). This standard was obtained after linearizing 
the plasmid pFN18A HaloTag T7 Flexi (Promega) and transcribing a 
970- bp part of it into RNA using the MEGAscript T7 Transcription Kit 
(ThermoFisher). The sequence of the used standard is given in File S1.

For strain S630, it was not possible to obtain sufficient RNA 
yield when using the Direct- zol RNA- Miniprep Plus kit for RNA 
extraction. For this reason, we implemented the SNAP protocol 
for gram- positive bacteria published elsewhere (Stead et al., 2012) 
with some modifications. In short, cell pellets were resuspended 
in 300 µl SNAP RNA extraction solution and 5 ng of the internal 
RNA standard was added for downstream absolute transcript quan-
tification. After the addition of low binding zirconium beads (OPS 
diagnostics) the suspension was treated at 6 m s−1 for 2 × 45 s in a 
FastPrep- 24 5G MP (Biomedicals) for mechanical cell disruption and 
subsequently heated for 7 min at 95°C. To enhance the efficiency of 
the SNAP method, we further placed tubes with the extraction solu-
tion in a beaker filled with 500 ml water and microwaved them for 
45 s (Brandt Microwave, model SM2602B) at the defrosting mode 
(~300 W). While a similar microwaving protocol was originally devel-
oped to permeabilize cell walls for downstream fluorescence in situ 
hybridization (FISH) applications (Tischer et al., 2012), this additional 
step also increased the RNA yield for strain S630. The extracted 
RNA in the SNAP RNA extraction solution was purified with the 
RNA Clean & Concentrator- 5 kit including the optional on- column 
DNA digestion step (Zymo Research).

An additional DNA removal step was performed for all RNA ex-
tracts using the TURBO DNA- free Kit (Invitrogen). Then, the eluted 
RNA was concentrated by applying the RNA Clean & Concentrator- 5 
kit (Zymo Research). The concentration of the eluted RNA was esti-
mated in a NanoVue Plus Spectrophotometer (Biochrom), while RNA 
quality was visually evaluated by inspecting RNA molecule length 
profiles using an Agilent 2100 Bioanalyzer (Agilent Technologies; 
RNA6000 NanoKit).

To reduce sequencing costs, RNA extracts from three of four 
strains that according to taxonomic annotations of genome se-
quences (see Bioinformatic processing) affiliated with different gen-
era were pooled equimolarly (Table S2). For each consecutive RNA 
purification step, we noted the volume that was transferred from the 
preceding step. This allowed us to follow back the fraction of the ini-
tial lysis solution and, accordingly, the number of standard molecules 
from each individual extraction that were added to the respective 
RNA pool. Based on this information, we later assigned the corre-
sponding fractions of sequenced reads encoding the added standard 
to the individual RNA extracts in order to obtain information about 
total transcripts per cell. The extracted RNA was sent for library 
preparation and genome sequencing (mRNA nonstranded library, 
rRNA depletion via the Ribo- Zero rRNA removal Kit for Bacteria, in-
sert size: 300– 500 bp, 2 × 150- bp reads, Illumina NextSeq 500 V2).

F I G U R E  4  Regression between side- dependent NB and stress 
estimations for the 11 model strains. The black cross- marks (and 
solid black trend line: R2 = .73, p < .001) represent stress levels 
assessed for salinity gradients that were located ±15 g L−1 NaCl 
symmetrically around the optimum fitness value and the 
corresponding side- dependent NBs that were used for mixed 
model regressions against the NB. The grey circles represent stress 
levels between salinity concentrations where the optimum was 
crossed and/or delineated from a salinity gradient of 30 g L−1 NaCl. 
The corresponding NB values were in this case estimated from the 
proportional contribution of the hypo-  or hyperosmotic NB that 
was covered by the respectively considered salinity gradient. The 
dotted trend line was fitted by including all data points (R2 = .23, 
p < .021)
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2.5  |  Bioinformatic processing

Library demultiplexing of all obtained raw reads via the Illumina 
bcl2fastq 2.17.1.14 software (two mismatches allowed, minimum 
length <20) was carried out by the sequencing company. The re-
sulting adapter- free paired- end reads were trimmed using the sickle 
software version 1.33 (quality- type sanger, quality- threshold 20, 
length- threshold 75) (Joshi & Fass, 2001).

The trimmed reads from the genome sequences were then 
assembled using the spades genome assembler version 3.13.0 
(Bankevich et al., 2012) with the following settings: k- mers from 21 
to 99, four nucleotide steps. Taxonomic assignations for the assem-
bled genomes were performed using the gtdb- tk version 0.2.2 soft-
ware (Chaumeil et al., 2020) against the GTBD database. Genes on 
the assembled contigs were predicted via the prodigal version 2.6.3 
software (Hyatt et al., 2010). The predicted genes were function-
ally annotated via diamond blast version 0.8.22 against genes in the 
KEGG database (Kanehisa et al., 2007, downloaded May 2016) with 
an e- value cutoff of 1e- 5.

The sortmerna version 1.9 software (Kopylova et al., 2012) was used 
to separate the trimmed nonprotein- coding RNA from protein- coding 
reads. Spike- in standard reads in each sample were detected using 
the lastal software version 393 (Kielbasa et al., 2011), and counted 

for downstream absolute transcript quantification. Quality- trimmed 
protein- coding reads were mapped on the predicted genes from the 
assembled genomes using the bowtie2 version 2.3.4.3 software set to 
very- sensitive- local (Langmead & Salzberg, 2012) and summarized by 
the featurecounts version 1.4.6- p2 software (Liao et al., 2014).

2.6  |  Transcriptional regulation patterns

Per- cell transcriptional regulation was calculated as log2 fold- changes 
of per- cell transcription levels between two salinity levels and was 
determined for the individual genes annotated from each strain and 
each pair of salinity conditions using the R package DESeq2 (Love 
et al., 2014). The regulation patterns were delineated from the ab-
solute transcript per- cell transcription levels, as detailed elsewhere 
(Beier et al., 2019). In short, raw count data for individual genes were 
normalized using the count data of the added spike- in standard that 
were multiplied with the total number of cells subjected to RNA ex-
traction and divided by the amount of added standard via the “con-
trolGene” option of the DESeq2 “estimateSizeFactors” function. As 
expected, we found an almost perfect linear correlation between 
values for total transcripts per cell calculated with a previously pub-
lished formula (Satinsky et al., 2013) and the total transcripts per cell 

F I G U R E  5  Modelled fitness for the 11 strains used in this study. (a– k) Fitted fitness curves and the sampled salinity levels (dashed black 
lines, from left to right S1, S2, S3 in each panel) to estimate the transcriptional response to changing salinity relative to the fitness curves. The 
vertical black line indicates the optimal fitness of each strain
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variable obtained by summing count data after the DESeq2 normali-
zation step (r = 1.00; Figure S3). We did not specifically select genes 
based on the DESeq2 significance levels for transcriptional regula-
tion, because the downstream regression analyses were designed to 
also include genes that exhibited low or no transcriptional regulation.

We used the value for total transcripts per cell (DESeq2- 
estimated) to test the overall correlations between total per- cell 
transcription levels against NB and stress estimations, to screen for 
potential relationships that could bias our hypothesis testing.

2.7  |  Definition of gene categories

To test the hypothesis H1 that genes with a direct link to an organ-
ism's fitness are more strongly regulated in strains with narrow NB, 
we built three categories of putatively fitness- related genes encod-
ing the following proteins: (i) DNA polymerase enzymes, which are 
essential for DNA replication and cell proliferation. This category in-
cluded all genes containing the text string “DNA polymerase” in the 
gene description. (ii) RNA polymerases, which transcribe genes into 
mRNA and are accordingly the first step in cellular biomass produc-
tion via protein synthesis. RNA polymerase genes were defined as 
the genes classified as protein- coding genes in the KEGG pathway 
ko03020. (iii) Ribosomal proteins, which are essential units of the 
ribosomes that catalyse the translation of mRNA into proteins and 
are accordingly the second step in cellular biomass production via 
protein synthesis. We defined all genes annotated to protein- coding 
genes in the KEGG pathway ko03010 as ribosomal proteins.

These three categories comprise core genes that are highly con-
served across organisms in all three domains of life (Kültz, 2003) and 
the individual encoded proteins in these categories (e.g., ribosomal 
proteins) exhibit their catalytic activity as subunits in a larger assem-
bly of catalytic active units. We therefore selected the individual 
genes in each category from the pool of genes shared by all of the 
11 model strains (253 shared genes; Table S3) and considered the 
transcriptional regulation of the individual genes in each category as 
random factors for downstream statistical analyses.

To test the hypothesis H2 that genes encoding cell adap-
tion against salt stress are more strongly regulated in strains with 
broader NB, we constructed another two categories with potential 
adaptation- related genes: (iv) Genes encoding the transport of os-
moprotective compounds, mainly including compatible solutes, but 
also other osmolytes, such as urea. Compatible solutes are small 
organic molecules such as sugars or amino acids that do not have 
detrimental effects on cell functions (Welsh, 2000). However, the 
use of compatible solutes as osmoprotectants is highly species- 
specific (Bougouffa et al., 2014; Sévin et al., 2016). For instance, gly-
cine betaine, which serves as an osmoprotectant in organisms of all 
domains (Empadinhas & Viete- Vallejo, 2008), was not observed to 
protect the archaeon Sulfolobus solfataricus against salt stress (Park 
& Lee, 2000). We therefore selected from all transporter genes that 
were expressed in at least one of the model strains a list of poten-
tial osmoprotectant transporters (Table S4). (v) Heat- shock proteins 

(HSPs), which catalyse the folding and unfolding of macromolecules 
and are therefore involved in the repair of damaged macromolecules 
(Kültz, 2003; Lindquist & Craig, 1988). However, different from the 
osmoprotectant genes listed above, genes in this category do not 
initially prevent cells from damage but step into action only after 
damage has occurred. This category included all genes containing 
the text strings “heat- shock” or “chaperone” in the gene description.

Different from in the categories encoding fitness- related pro-
teins, we assumed that the individual genes in the categories of the 
adaptation- related proteins act independently from each other and 
their protective effect is additive. For instance, the more different 
are osmoprotectants transported the stronger the protection against 
osmotic stress. Genes encoding the adaptive response against os-
motic stress are furthermore and in contrast to fitness- related 
genes species- specific (Sévin et al., 2016), and only two among the 
selected potential osmoprotectant transporters (K15268, K02030) 
were shared among all model strains from this study (Table S3). We 
therefore considered the additive transcriptional response by sum-
ming the fold change of the individual genes in categories iv and v, 
respectively for downstream statistical analyses.

2.8  |  Regression of gene regulation patterns 
against NB and stress levels

We applied mixed linear models (MLMs) to test if the transcriptional 
regulation levels of genes within each of the above- described catego-
ries were correlated in the predicted direction with either NB (log- 
transformed) or stress exposure along the respective salinity gradient 
of the individual strains. The MLMs were implemented in R using the 
package nlme (Pinheiro et al., 2020), and the R- package olsrr (Hebbali, 
2020) was applied to verify the normal distribution of the residuals in all 
MLMs using Kolmogorov– Smirnov tests. In a few cases where a normal 
distribution of the residuals could not be verified, transcriptional regu-
lation levels were subjected to a square root or inverse transformation.

In the case of regressions against NB, we considered regulation 
patterns along salinity gradients of 15 g L−1 NaCl, but only if the 
salinity optimum (±4.5 g L−1 NaCl, equivalent to 30% of the total 
change) of the respective strain was not passed. With this rule, a 
maximal of two values for gene regulation per strain and gene were 
considered (Table 1; Table S1). Because these regulation values re-
ferred to either the hyper-  or the hypoosmotic side, an MLM was 
performed against the respective values for side- dependent NBs, 
with the side- dependent NB as a fixed factor. Replicate regulation 
values per strain (retrieved from different salinity gradients on either 
of the two sides and, where applicable, individual genes in a category 
that were shared by all 11 strains) were used as random factors. An 
analogous approach was used to test if the degree of gene regulation 
increased or decreased with increasing stress exposure. However, in 
this case, we considered stress levels between all sampled salinity 
gradients per strain as the replication level and accordingly as a ran-
dom factor in the MLM (three regulation values per strain and gene: 
ΔF1, ΔF2, ΔF3; Figure 3; Table 1). Stress levels showed a pronounced 
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negative correlation with NB, if only stress values from the salinity 
range 15 g L−1 NaCl and not crossing the optimum were considered 
(i.e., those data points considered for the regressions against NB; 
Figure 4). However, a reduced correlation strength between NB and 
stress levels was observed when all data points were considered 
(Figure 4).

While our hypotheses referred only to the extent of regulation 
activity regardless of whether genes were up-  or downregulated, we 
also inspected regressions taking into account the regulation direc-
tion to see whether genes in the categories were either up-  or down-
regulated in response to stress.

The slopes of the MLM, as well as p- values, were retrieved to 
describe the direction of the regression and test the hypotheses. 
For hypotheses H1 and H2, we specifically expected that gene 
regulation of fitness- related genes decreases with the increasing 
NB (slope < 0), while we expected to find the opposite trend for 
adaption- related genes (slope > 0). Because the R- package nlme 
version 3.1– 148 does not enable us to set up mixed models using 
one- tailed test designs we report here the more stringent p- value 
from the two- tailed test design. In the case of correlations with the 
hypothesized direction, however, we consider a significance level 
of p < .1 to be valid. To evaluate the proportion of variance that 
was explained by the fitted MLM, pseudo R2 values for the overall 
model were estimated using the r.squaredGLMM function from the 
R- package MunIn (Bartoń, 2020).

2.9  |  Detection of stress marker genes

To detect potential individual stress marker genes, we applied an 
MLM on each of the 253 genes shared by the 11 strains using stress 
as a fixed factor and the three replicate stress levels per strain as 
random factors. In this case, we performed the regression analyses 
considering the direction of the gene regulation under stress condi-
tions (up-  or downregulation). The resulting p- values were adjusted 
to account for false discovery rates after multiple comparisons 
(Benjamini & Hochberg, 1995).

The R codes used for the statistical evaluations that were per-
formed for this study are available on GitHub (https://github.com/
sarab eier/Strai ns.NB).

3  |  RESULTS

3.1  |  Strain characteristics and total transcript 
regulation

The bacterial model strains covered several phylogenetic lineages 
(Alphaproteobacteria, Gammaproteobacteria and Actinobacteria) 
with representatives affiliated to the orders Pseudomonadales, 
Enterobacterales, Rhodobacterales and Actinomycetales (Table 1). 
The strains exhibited side- dependent NBs that ranged from 12 to 
111 g L−1 NaCl. Along the NB continuum, shorter NBs were dominated 

by hypoosmotic estimations, while most broader NBs corresponded 
to hyperosmotic values (Figure 6).

Per- cell transcription levels were highly variable among strains, 
differing by up to a factor of 5 (i.e., S630 vs. S490, Figure S4). 
However, the overall per- cell transcriptional regulation did not cor-
relate significantly with NB or with stress estimations and R2 values 
were consistently low (Table 2, Figure 7a– c).

3.2  |  Regulation of fitness- related genes

We detected only two genes that were shared across strains in the 
DNA and RNA polymerase categories, respectively. In contrast, the 
ribosomal protein category contained 32 genes shared by all strains 
(Table 2). While no significant trend was noted for the regulation of 
genes encoding DNA polymerases (Table 2), the regulation of genes 
encoding ribosomal proteins and RNA polymerases decreased in 
agreement with H1 significantly with increasing NB (p = .003 and 
p = .041, respectively; Figure 7g,j; Table 2). The direction of the re-
lationship turned when considering stress exposure instead of NB 
as an explanatory variable for gene regulation. However, only genes 
encoding ribosomal proteins were significantly regulated with in-
creasing stress levels (p < .001; Figure 7i). An inspection of the direc-
tion of gene regulation revealed a significant upregulation of genes 
encoding ribosomal proteins and RNA polymerases under increasing 
stress exposure (Figure 7l; Table 2) and a nonsignificant trend for up-
regulation of DNA polymerase- encoding genes (Figure 7f; Table 2). 
However, in all three categories, individual genes were also down-
regulated under stress, particularly if stress levels were retrieved 
from salinity ranges crossing the salinity optimum (Figure 7c,f,i).

3.3  |  Regulation of adaptation- related genes

The number of potential osmoprotectant transporter genes per 
strain varied between 20 and 93 (Table 2). The summed upregulation 
level of these genes along with increasing NB exhibited a positive 
slope, which was in agreement with the above defined significance 
level of p < .1 (p = .076; Table 2; Figure 7m). On the other hand, 
stress did not seem to affect the absolute regulation of these genes 
nor the direction of the regulation (Table 2; Figure 7n,o).

The regulation of genes encoding HSPs did not exhibit a signif-
icant correlation in the predicted direction with NB or with stress 
levels (Table 2; Figure 7p,q), and instead trends contrary to the pre-
diction were observed. Similar to the osmoprotectant transporter 
category, no significant trend for an up-  or downregulation of HSPs 
under stress was detected (Table 2; Figure 7r).

3.4  |  Candidate marker genes for stress

Only one of the individual genes shared among all 11 model strains 
exhibited a significant relationship with stress levels after p- value 

https://github.com/sarabeier/Strains.NB
https://github.com/sarabeier/Strains.NB
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adjustment for multiple testing (padj < .1). We, however, report here 
further six genes that exhibited significant p- values (p < .05) prior 
to p- value correction as potential candidate stress marker genes 
(Figure 8; Table 3). Three out of the seven candidate genes were 
downregulated in response to increasing stress levels and the re-
maining four genes were upregulated (Figure 8; Table 3). Two of the 
candidate genes that were upregulated with increasing stress levels 
(ybeB and rpsI) occur in >75% of all prokaryotic genomes listed in the 
KEGG database while the occurrence of the other candidate genes 
was less conserved across prokaryotes (Table 3; Beier et al., 2020; 
KEGG version 2016).

4  |  DISCUSSION

We experimentally evaluated gene regulation patterns for either 
fitness- related or adaptation- related genes, and their relationship 
with NB and stress exposure levels of 11 bacterial strains. We be-
lieve that evaluating the transcriptional response patterns of individ-
ual strains, taking into account concepts of trait research in ecology, 
is a prerequisite to better understand the currently difficult in inter-
preting community metatranscriptome data (Prosser, 2015; Prosser 
& Martiny, 2020).

Our results suggest that overall per- cell transcriptional regu-
lation level changes across the model strains were independent 

from the strains' NBs or the stress levels to which the strains were 
exposed (Table 2). However, a significant correlation between the 
per- cell transcriptional regulation levels and growth rates mea-
sured during the incubation experiment at the respective sampling 
time points was discovered (Figure S5), corroborating earlier re-
sults (Gifford et al., 2016). Still, the correlation that was observed 
based on data from our experiment (Figure S5) was weak com-
pared to the correlation reported by Gifford et al. (2016). This 
could be due to the fact that in contrast to our study, Gifford et al. 
(2016) correlated per- cell transcription levels and growth rates 
during different growth phases: slow growth rates in this earlier 
study were therefore due to nutrient limitation rather than stress-
ors that damage cell structures and that thereby may induce the 
upregulation of genes to replace damaged proteins, as observed in 
our study (Figure 7).

The variability of cellular transcription levels could be interpreted 
as a measure for transcriptional plasticity and, thus, if assuming that 
transcriptional activity is manifested in the expression of traits, also 
as a form of phenotypic plasticity (Beier et al., 2015). It has been dis-
cussed that high plasticity enlarges the NB of organisms (Kellermann 
et al., 2009; Sultan, 2001; Van Buskirk, 2002), which was accordingly 
not supported by our findings concerning the overall per- cell tran-
scriptional levels. However, it has also been argued that the kind of 
trait matters for relating it to the response of organisms to distur-
bances (Hooper et al., 2005). Therefore, to address the relationship 

F I G U R E  6  Ranking of the side- 
dependent niche breadths (NB) for the 
11 model strains. Black dots indicate 
hyperosmotic NB, while white dots 
indicate hypoosmotic NB. The y- axis is 
displayed on a log- scale
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between transcriptional regulation levels and NB or stress, we have 
differentiated between genes encoding fitness- related traits and 
genes encoding traits related to the adaption of organisms to chang-
ing environmental conditions.

Indeed, in agreement with our hypotheses, the results suggested 
that transcriptional regulation levels of either fitness-  or adaptation- 
related genes if inspected separately correlated with NB, and there-
fore the life history of species as well as stress levels to which cells 
were exposed.

Although the regulation levels of DNA polymerases did not de-
crease significantly with increasing NB, our analyses confirmed as 
expected in H1 a significant decrease of RNA polymerases as well 
as ribosomal protein transcription levels along with increasing NB 
(Table 2). Both RNA polymerases and ribosomal proteins are directly 
involved in cellular translation activity and accordingly in biomass 
production. Unlike NB, which is a constant for a given strain, cellu-
lar fitness and stress levels are closely linked, even if environmental 
gradients of different lengths and exceeding the point of optimal cel-
lular performance are taken into account (Figure 2), as was the case 
in our analyses. The direct involvement of transcriptional regulation 
of RNA polymerases and ribosomal proteins in cellular fitness was 
therefore also reflected in the positive relationship of gene regula-
tion patterns with stress levels (Table 2). While a downregulation 
of genes encoding biomass is to be expected intuitively under in-
creasing stress and correspondingly decreasing fitness levels, we 
observed the opposite trend. This was particularly pronounced if en-
vironmental ranges that did not pass the fitness optimum were con-
sidered (Figure 7f,i,l). This observation suggests that the detected 
transcriptional upregulation of genes involved in translation activity 
under elevated stress levels could be linked to mechanisms for re-
placing or repairing damaged proteins or other macromolecules, as 
has been outlined elsewhere (Evans & Hofmann, 2012).

Our results further give certain evidence in support of H2, where 
we expected an increased transcriptional regulation of genes en-
coding the adaption to changing salinity along with increasing NB. 
The expected positive relationship was observed for a list of candi-
date genes encoding the transport of osmoprotectant substances 
(Figure 7m).

The nonsignificant relationship of the regulation of osmopro-
tectant transporters against cellular stress levels was not unex-
pected (Table 2), at least not if stress levels of salinity ranges passing 
the optimum were included in the regression because within the 
same organism different osmoregulation mechanisms may be rele-
vant under hypo-  or hyperosmotic stress (Deole & Hoff, 2020; Lin 
et al., 2017).

Also, as a consequence of the species- specific use of different 
osmoprotectants, the uptake of compounds such as certain amino 
acids serves in one species for osmoregulation (Park & Lee, 2000) 
while the uptake of the same amino acid could be instead associated 
with biomass production in another species. This blurred separation 
of transport mechanisms, which may either represent adaptation- 
related traits via their association with osmoregulation or be related 
to cellular fitness, probably introduced noise into the regression TA
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analyses performed. The positive regression found between reg-
ulation and NB (Figure 6m) shows, however, that the role of the 
listed candidate osmoprotectant transporters (Table S4) in our ex-
perimental setup actually laid largely in their participation in cellular 
osmoregulation.

We also inspected regulation patterns of HSPs that are recog-
nized as classical stress response proteins that due to their folding 
and unfolding function catalyse the repair of damaged proteins 
(Roncarati & Scarlato, 2017; Sørensen et al., 2003). Their expression 
may increase the resistance of cells to stress and thereby impact an 
organism's life history (Sørensen et al., 2003). We therefore classi-
fied HSPs as genes encoding an adaption to environmental change 
and which are assumed to detect a more pronounced regulation of 
HSPs in strains with broader NB (H2). This, however, was not the 
case. Even though not significant, an opposite than expected trend 
for the relationship between HSP regulation and NB was observed 
(Figure 7p). Although elevated HSP expression may, on the one 
hand, impact the resistance of cells against stress (Sørensen et al., 
2003), expression levels of HSPs have also been shown to increase 
under stress (Evans & Hofmann, 2012): this was reflected in a trend 
for a positive correlation between stress levels and HSP regulation 
(Table 2). However, in our sample design, stress levels correlated 
negatively with NB (Figure 4), and obviously the stress- induced reg-
ulation of HSPs masked the possible effect on NB- dependent regu-
lation. If applying a sample design in which we would have chosen 

salinity ranges to keep the stress levels rather than the environmen-
tal distance constant, we might have been able to detect the pre-
dicted positive correlation between NB and HSP regulation.

Beyond testing hypotheses H1 and H2 we also screened ab-
solute regulation patterns of the genes shared across all strains 
without any a priori hypothesis for their correlation with stress 
exposure and present a list of candidate stress marker genes. This 
was done to test if individual genes were better markers of stress 
compared to the pool of genes included in the categories detailed 
above. Except for the phoH- like ATPase phoH2, we did not observe 
any individual genes whose regulation correlated after adjustment 
for multiple comparisons significantly to stress levels (padj < .01). 
Regardless, we reported here all genes with unadjusted p < .05 to 
be considered as potential candidate stress marker genes. The gene 
rpsI encodes a ribosomal protein and is consequently involved in bio-
mass production and was within the group of genes considered for 
hypothesis testing. The upregulation of rpsI under elevated stress 
levels is furthermore in agreement with the overall regulation pat-
terns observed for other ribosomal proteins (Figure 7g) and might 
be explained by enhanced transcriptional activity under stress to 
induce the replacement of damaged proteins (Evans & Hofmann, 
2012). Although not considered to be ribosomal, ybeB also encodes 
a ribosome- associated protein, which has been described as a ribo-
somal silencing factor that downregulates protein synthesis when 
cells enter the stationary phase (Häuser et al., 2012). This agrees 
with observations that mechanisms that induce growth arrest are 
typically upregulated under stress (Kültz, 2003). Both rpsI and ybeB 
can be considered as fitness- related genes to which hypothesis H2 
applies, and meaningful mechanisms can explain the observed cor-
relation of gene regulation patterns with stress levels. Accordingly, 
also the nonadjusted p- value may in these cases provide sufficient 
statistical evidence to support the classification of these genes as 
stress markers. Furthermore, both genes are highly conserved and 
encoded by almost all bacteria (Häuser et al., 2012; Lecompte et al., 
2002), which allows the design of primers or probes to monitor tran-
scriptional expression levels specifically of target genes, for exam-
ple via quantitative polymerase chain reaction approaches (Beier, 
Gálvez, et al., 2015). On the other hand, it would also be possible 
to use metatranscriptome approaches to taxonomically assign dif-
ferent rpsI or ybeB transcript variants and thereby allow tracking of 
taxon- specific stress levels. Yet, in the case of rpsI, it must be taken 
into account that we detected transcriptional upregulation in re-
sponse to stress exposure by comparing populations during their 
exponential phase. Stress due to nutrient restrictions and an associ-
ated switch from the exponential to the stationary growth phase can 
instead lead to a downregulation of ribosomal protein transcription 

F I G U R E  7  Regressions of gene regulation against side- dependent niche breadth and stress. MLM of the absolute gene regulation 
against NB (log- transformed, left panels) and stress (centre panels), and directional gene regulation against stress (right panels). (a– c) Total 
transcripts per cell, (d– f) DNA polymerases, (g– i) ribosomal proteins, (j– l) RNA polymerases, (m– o) transport of osmoprotectants and (p– r) 
HSPs. Black cross- marks (and the black solid trend lines) represent pairwise comparisons that did not cross the optimum fitness for NB and 
stress. Grey circles present all pairwise comparisons between salinity concentrations where the optimum was crossed and/or delineated 
from a salinity gradient of 30 g L−1 NaCl. The dotted trend lines were fitted by including all data points

F I G U R E  8  Regression of candidate stress marker gene 
regulation against stress exposure levels. This graphic displays 
the regression of seven candidate stress marker genes that were 
selected because of their significant correlation (p < .05, no 
adjustments for multiple testing) against the exposure of the 11 
model strains to osmotic stress 
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(Aseev et al., 2016), and regulation patterns of rpsI may not apply 
well as a stress marker in all situations. In contrast, analogously to 
results in our study, ybeB was also upregulated during the stationary 
growth phase in response to nutrient limitation (Häuser et al., 2012). 
The upregulation of ybeB may therefore be universally associated 
with exposure of bacterial cells to multiple stressors.

The presence of the remaining listed candidate stress marker 
genes was less conserved across prokaryote genomes (Table 3) and 
the exact mechanisms that could explain the detected correlations 
of regulation patterns with stress levels were less evident. However, 
several of them were observed earlier in connection with some kind 
of stress response (sylA: Alekshun & Levy, 1999; eamA: Ohtsu et al., 
2015; phoH2: Andrews & Arcus, 2020). The genes adhP and fixB 
are both involved in anaerobic energy production processes (Rao & 
Stokes, 1953; Weidenhaupt et al., 1996) and their downregulation 
along with increasing stress levels is more difficult to interpret.

The 11 model strains considered in our study comprised mem-
bers of the classes Alphaproteobacteria, Gammaproteobacteria and 
Actinobacteria (Table 1), which represent quantitatively important 
and ecologically relevant taxonomic groups in aquatic environ-
ments (Hoshino et al., 2020; Lambert et al., 2019; Rojas- Jimenez 
et al., 2021). However, we assume that these model strains repre-
sent rather copiotrophic strains, while marine habitats are partic-
ularly often dominated by oligotrophic strains (Giovannoni, 2017). 
This assumption was supported by the observation that the genome 
sizes of the 11 model strains ranged from 2.3 to 4.6 Mbp (Table S1), 
which does not reflect the genome size range of typically stream-
lined oligotroph aquatic prokaryotes. Previous research suggested 
that streamlined oligotroph marine bacterial strains may feature re-
duced transcriptional regulation compared to copiotrophic strains 
(Cottrell & Kirchman, 2016). Instead, post- transcriptional regulation 
mechanisms (e.g., mediated via riboswitches) seemed to be partic-
ularly common in the highly abundant and oligotroph SAR11 clade 
(Kazanov et al., 2007). On the other hand, at least the regulation of 
SAR11 ribosomal proteins has been shown to be under transcrip-
tional control (Ottesen et al., 2013). Consequently, there is no partic-
ular reason to assume that the stress- related regulation of ribosomal 

proteins in SAR11 should not follow the patterns that we detected 
in this study.

While we used changing NaCl concentrations to induce osmotic 
stress, organisms in natural habitats will be exposed to a large variety 
of different stressors. However, by definition all stressors interact 
with the fitness of organisms. It therefore seems plausible that the 
detected patterns concerning the fitness- related genes screened in 
this study are not specific for a certain stressor, but could be more 
universally linked to the stress tolerance (i.e., tolerance- related NB) 
of bacterial organisms. Also, the employment of compatible solutes 
has been shown to protect cells not only against osmotic stress 
but also against temperature changes, droughts or oxidative stress 
(Singh et al., 2015).

5  |  CONCLUSIONS

Overall, our MLMs against NB analyses supported that general 
patterns of bacterial transcriptional regulation can discriminate 
between generalist and specialist lifestyles. Varying correlation 
strengths of gene regulation levels against NB and stress in the 
respective categories implied a close covariation of fitness- related 
traits, but also of HSP genes with fitness levels on the y- axis of the 
fitness curves (Figure 1). In contrast, gene regulation levels of osmo-
protectant transporters were significantly related to NB, but not to 
stress. Rather, the regulation of osmoprotectant transporters cova-
ried accordingly with the changing environmental conditions dis-
played on the x- axis of the fitness curves than with fitness (Figure 1). 
In all cases, taking into account the physiological functioning of the 
genes in their respective categories, these observations represent 
meaningful and interpretable responses.

We further propose a list of candidate stress marker genes 
whose regulation correlated with the stress exposure levels in our 
study. We suggest that these genes may be tested in future studies 
to validate their universal applicability to detect stress levels, either 
in individual populations or in communities that were exposed to 
changing conditions. The stress exposure of species in a community 

TA B L E  3  Summary of significant mixed linear models of regulation of shared genes against stress levels

KEGG ID Gene ID Gene description Slope R2 p padj

Occurrence in 
prokaryotes (%)a

K07175 phoH2 PhoH- like ATPase −5.14 .04 .000*** .088 34

K13953 adhP Alcohol dehydrogenase, 
propanol- preferring

−3.57 .09 .038* .982 49

K03522 fixB, etfA Electron transfer flavoprotein −2.10 .15 .015* .982 53

K09710 ybeB Ribosome- associated protein 2.06 .04 .018* .982 86

K15268 eamA O- acetylserine/cysteine efflux 
transporter

2.17 .06 .025* .982 16

K02996 rpsI Small subunit ribosomal protein S9 2.48 .08 .045* .982 99

K06075 slyA MarR family transcriptional regulator 2.50 .08 .004* .450 20

Note: ***p < .001, *p < .05. All values considered in our analyses as significant (p adj < .1) are printed in bold.
aThe fraction of prokaryotic genomes in the KEGG database (version 2016) carrying the gene.
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has been considered as one of three main environmental axes de-
fining trait distribution in a community (Grime, 1977; Malik et al., 
2020) and is therefore a key parameter for community functioning 
and assembly processes (Romero et al., 2020). The suggested gene- 
based approach for stress monitoring in microbial communities may 
accordingly be incorporated into models to predict carbon fluxes, as 
suggested elsewhere (Malik et al., 2020), and complement an earlier 
proposed taxon- based approach to define potential bioindicators for 
stress (Rocca et al., 2019).

The application of transcriptome analyses is an appropriate tool 
to characterize the expression of traits in microorganisms, while this 
method may be less useful to assess the functional properties of 
larger organisms. Still, general ecological rules, such as species– area 
relationships (Horner- Devine et al., 2004), have often been shown 
to be valid across all domains of life. We argue that our findings, 
concerning the negative or positive correlation of the plasticity 
of either fitness-  or adaption- related traits with an organism's NB 
should be a more general ecological pattern and its application to 
macroorganisms that have different response timescales remains to 
be investigated.

ACKNOWLEDG EMENTS
The study was supported by a grant from the German Science 
Foundation (DFG) awarded to S.B. (BE 5937/2- 1). A.R.F. was funded 
by a scholarship from the Chilean National Agency for Research and 
Development (ANID)/Scholarship Program/DOCTORADO BECAS 
Chile/2017 –  72180448. The bioinformatic work was supported 
by the BMBF- funded de.NBI Cloud within the German Network 
for Bioinformatics Infrastructure (de.NBI) (031A532B, 031A533A, 
031A533B, 031A534A, 031A535A, 031A537A, 031A537B, 
031A537C, 031A537D, 031A538A). We thank the Bio2mar plat-
form for access and technical support in their molecular biology 
facilities. We are further thankful to the MARBEC department at 
Montpellier University for providing laboratory space and facilities 
for performing initial work on the strains and for the technical sup-
port of Corinne Bouvier and Patrice Got.

CONFLIC T OF INTERE S T
The authors declare no conflict of interest.

AUTHOR CONTRIBUTIONS
The experimental setup for the isolation experiment was discussed 
and designed by S.B., T.B. and N.M. N.M. and C.B. collected and iso-
lated the bacterial strains. A.R.F. and S.R. performed laboratory work 
and analysed the data with support of N.M. A.R.F. and S.B. wrote the 
manuscript and all the authors commented on the manuscript.

OPEN RE SE ARCH BADG E S

This article has earned an Open Data, for making publicly avail-
able the digitally- shareable data necessary to reproduce the 

reported results. The data is available at http://doi.io- warne muende.
de/10.12754/ data- 2021- 0007.

DATA AVAIL ABILIT Y S TATEMENT
The sequence data for this study have been deposited in the 
European Nucleotide Archive (ENA) at EMBL- EBI under acces-
sion no. PRJEB43309 (https://www.ebi.ac.uk/ena/brows er/view/
PRJEB 43309). R- scripts that were used for the data analyses have 
been published on GitHub (https://github.com/sarab eier/Strai 
ns.NB).

ORCID
Angel Rain- Franco  https://orcid.org/0000-0002-0389-7154 
Nicolas Mouquet  https://orcid.org/0000-0003-1840-6984 
Thierry Bouvier  https://orcid.org/0000-0002-7151-5680 
Sara Beier  https://orcid.org/0000-0003-3707-4487 

R E FE R E N C E S
Alekshun, M. N., & Levy, S. B. (1999). The mar regulon: Multiple resistance 

to antibiotics and other toxic chemicals. Trends in Microbiology, 
7(10), 410– 413. https://doi.org/10.1016/S0966 - 842X(99)01589 - 9

Andrews, E. S. V., & Arcus, V. L. (2020). PhoH2 proteins couple RNA heli-
case and RNAse activities. Protein Science, 29(4), 883– 892. https://
doi.org/10.1002/pro.3814

Aseev, L. V., Koledinskaya, L. S., & Boni, I. V. (2016). Regulation of ri-
bosomal protein operons rplM- rpsI, rpmB- rpmG, and rplU- rpmA at 
the transcriptional and translational levels. Journal of Bacteriology, 
198(18), 2494– 2502. https://doi.org/10.1128/JB.00187 - 16

Bankevich, A., Nurk, S., Antipov, D., Gurevich, A. A., Dvorkin, M., 
Kulikov, A. S., Lesin, V. M., Nikolenko, S. I., Pham, S., Prjibelski, A. 
D., Pyshkin, A. V., Sirotkin, A. V., Vyahhi, N., Tesler, G., Alekseyev, 
M. A., & Pevzner, P. A. (2012). SPAdes: a new genome assembly 
algorithm and its applications to single- cell sequencing. Journal of 
Computational Biology, 19(5), 455– 477. https://doi.org/10.1089/
cmb.2012.0021

Bartoń, K. (2020). MuMIn: Multi- Model Inference [R package version 
1.43.17]. Retrieved from https://CRAN.R- proje ct.org/packa 
ge=MuMIn

Beier, S., Andersson, A. F., Galand, P. E., Hochart, C., Logue, J. B., 
McMahon, K., & Bertilsson, S. (2020). The environment drives mi-
crobial trait variability in aquatic habitats. Molecular Ecology, 29(23), 
4605– 4617. https://doi.org/10.1111/mec.15656

Beier, S., Gálvez, M. J., Molina, V., Sarthou, G., Queroue, F., Blain, S., & 
Obernosterer, I. (2015). The transcriptional regulation of the glyox-
ylate cycle in SAR11 in response to iron fertilization in the Southern 
Ocean. Environmental Microbiology Reports, 7(3), 427– 434. https://
doi.org/10.1111/1758- 2229.12267

Beier, S., Holtermann, P. L., Numberger, D., Schott, T., Umlauf, L., & 
Jürgens, K. (2019). A metatranscriptomics- based assessment of 
small- scale mixing of sulfidic and oxic waters on redoxcline pro-
karyotic communities. Environmental Microbiology, 21(2), 584– 602. 
https://doi.org/10.1111/1462- 2920.14499

Beier, S., Rivers, A. R., Moran, M. A., & Obernosterer, I. (2015). 
Phenotypic plasticity in heterotrophic marine microbial communi-
ties in continuous cultures. Isme Journal, 9(5), 1141– 1151. https://
doi.org/10.1038/ismej.2014.206

Bell, T., Gessner, M. O., Griffiths, R. I., McLaren, J., Morin, P. J., van der 
Heijden, M., & van der Putten, W. (2009). Microbial biodiversity 
and ecosystem functioning under controlled conditions and in the 
wild. In S. Naeem, D. E. Bunker, A. Hector, M. Loreau, & C. Perrings 

http://doi.io-warnemuende.de/10.12754/data-2021-0007
http://doi.io-warnemuende.de/10.12754/data-2021-0007
https://www.ebi.ac.uk/ena/browser/view/PRJEB43309
https://www.ebi.ac.uk/ena/browser/view/PRJEB43309
https://github.com/sarabeier/Strains.NB
https://github.com/sarabeier/Strains.NB
https://orcid.org/0000-0002-0389-7154
https://orcid.org/0000-0002-0389-7154
https://orcid.org/0000-0003-1840-6984
https://orcid.org/0000-0003-1840-6984
https://orcid.org/0000-0002-7151-5680
https://orcid.org/0000-0002-7151-5680
https://orcid.org/0000-0003-3707-4487
https://orcid.org/0000-0003-3707-4487
https://doi.org/10.1016/S0966-842X(99)01589-9
https://doi.org/10.1002/pro.3814
https://doi.org/10.1002/pro.3814
https://doi.org/10.1128/JB.00187-16
https://doi.org/10.1089/cmb.2012.0021
https://doi.org/10.1089/cmb.2012.0021
https://CRAN.R-project.org/package=MuMIn
https://CRAN.R-project.org/package=MuMIn
https://doi.org/10.1111/mec.15656
https://doi.org/10.1111/1758-2229.12267
https://doi.org/10.1111/1758-2229.12267
https://doi.org/10.1111/1462-2920.14499
https://doi.org/10.1038/ismej.2014.206
https://doi.org/10.1038/ismej.2014.206


    |  1231RAIN- FRANCO et Al.

(Eds.), Biodiversity, Ecosystem Functioning, and Human Wellbeing: An 
Ecological and Economic Perspective. Oxford University Press.

Benjamini, Y., & Hochberg, Y. (1995). Controlling the false discovery rate: 
A practical and powerful approach to multiple testing. Journal of the 
Royal Statistical Society: Series B (Methodological), 57(1), 289– 300. 
JSTOR. Retrieved from JSTOR.

Bougouffa, S., Radovanovic, A., Essack, M., & Bajic, V. B. (2014). DEOP: A 
database on osmoprotectants and associated pathways. Database, 
2014, bau100. doi: https://doi.org/10.1093/datab ase/bau100

Chaumeil, P.- A., Mussig, A. J., Hugenholtz, P., & Parks, D. H. (2020). 
GTDB- Tk: A toolkit to classify genomes with the Genome 
Taxonomy Database. Bioinformatics, 36(6), 1925– 1927. https://doi.
org/10.1093/bioin forma tics/btz848

Colles, A., Liow, L. H., & Prinzing, A. (2009). Are specialists at risk under 
environmental change? Neoecological, paleoecological and phylo-
genetic approaches. Ecology Letters, 12(8), 849– 863. https://doi.
org/10.1111/j.1461- 0248.2009.01336.x

Cottrell, M. T., & Kirchman, D. L. (2016). Transcriptional control in marine 
copiotrophic and oligotrophic bacteria with streamlined genomes. 
Applied and Environmental Microbiology, 82(19), 6010– 6018. https://
doi.org/10.1128/AEM.01299 - 16

Deole, R., & Hoff, W. D. (2020). A potassium chloride to glycine betaine 
osmoprotectant switch in the extreme halophile Halorhodospira 
halophila. Scientific Reports, 10(1), 3383. https://doi.org/10.1038/
s4159 8- 020- 59231 - 9

Devictor, V., Clavel, J., Julliard, R., Lavergne, S., Mouillot, D., Thuiller, W., 
Venail, P., Villéger, S., & Mouquet, N. (2010). Defining and measur-
ing ecological specialization. Journal of Applied Ecology, 47(1), 15– 
25. https://doi.org/10.1111/j.1365- 2664.2009.01744.x

Empadinhas, N., & Viete- Vallejo, O. (2008). Osmoadaptation mechanisms 
in prokaryotes: Distribution of compatible solutes. International 
Microbiology, 11, 151– 161. https://doi.org/10.2436/20.1501.01.55

Evans, T. G., & Hofmann, G. E. (2012). Defining the limits of physiological 
plasticity: How gene expression can assess and predict the con-
sequences of ocean change. Philosophical Transactions of the Royal 
Society B- Biological Sciences, 367(1596), 1733– 1745. https://doi.
org/10.1098/rstb.2012.0019

Feike, J., Juergens, K., Hollibaugh, J. T., Krueger, S., Jost, G., & Labrenz, 
M. (2012). Measuring unbiased metatranscriptomics in suboxic wa-
ters of the central Baltic Sea using a new in situ fixation system. 
Isme Journal, 6(2), 461– 470. https://doi.org/10.1038/ismej.2011.94

García, F. C., Bestion, E., Warfield, R., & Yvon- Durocher, G. (2018). 
Changes in temperature alter the relationship between biodiversity 
and ecosystem functioning. Proceedings of the National Academy of 
Sciences of the United States of America, 115(43), 10989. https://doi.
org/10.1073/pnas.18055 18115

Gifford, S. M., Becker, J. W., Sosa, O. A., Repeta, D. J., & DeLong, E. 
F. (2016). Quantitative transcriptomics reveals the growth-  and 
nutrient- dependent response of a streamlined marine methy-
lotroph to methanol and naturally occurring dissolved organic mat-
ter. MBio, 7(6), e01279- 16. https://doi.org/10.1128/mBio.01279 - 16

Giovannoni, S. J. (2017). SAR11 bacteria: The most abundant plankton in 
the oceans. Annual Review of Marine Science, 9(1), 231– 255. https://
doi.org/10.1146/annur ev- marin e- 01081 4- 015934

Gravel, D., Bell, T., Barbera, C., Bouvier, T., Pommier, T., Venail, P., & 
Mouquet, N. (2011). Experimental niche evolution alters the 
strength of the diversity- productivity relationship. Nature, 
469(7328), 89- U1601. https://doi.org/10.1038/natur e09592

Grime, J. (1977). Evidence for existence of three primary strate-
gies in plants and its relevance to ecological and evolutionary 
theory. American Naturalist, 111(982), 1169– 1194. https://doi.
org/10.1086/283244

Grimm, N. B., Chapin, F. S., Bierwagen, B., Gonzalez, P., Groffman, P. 
M., Luo, Y., Melton, F., Nadelhoffer, K., Pairis, A., Raymond, P. A., 
Schimel, J., & Williamson, C. E. (2013). The impacts of climate change 

on ecosystem structure and function. Frontiers in Ecology and the 
Environment, 11(9), 474– 482. https://doi.org/10.1890/120282

Häuser, R., Pech, M., Kijek, J., Yamamoto, H., Titz, B., Naeve, F., 
Tovchigrechko, A., Yamamoto, K., Szaflarski, W., Takeuchi, N., 
Stellberger, T., Diefenbacher, M. E., Nierhaus, K. H., & Uetz, P. 
(2012). RsfA (YbeB) proteins are conserved ribosomal silencing fac-
tors. Plos Genetics, 8(7), e1002815. https://doi.org/10.1371/journ 
al.pgen.1002815

Hebbali, A. (2020). olsrr: Tools for Building OLS Regression Models [R pack-
age version 0.5.3]. Retrieved from https://CRAN.R- proje ct.org/
packa ge=olsrr

Hooper, D. U., Chapin, F. S., Ewel, J. J., Hector, A., Inchausti, P., Lavorel, 
S., Lawton, J. H., Lodge, D. M., Loreau, M., Naeem, S., Schmid, B., 
Setälä, H., Symstad, A. J., Vandermeer, J., & Wardle, D. A. (2005). 
Effects of biodiversity on ecosystem functioning: A consensus of 
current knowledge. Ecological Monographs, 75(1), 3– 35. https://doi.
org/10.1890/04- 0922

Horner- Devine, M. C., Lage, M., Hughes, J. B., & Bohannan, B. J. (2004). 
A taxa- area relationship for bacteria. Nature, 432(7018), 750– 753.

Hoshino, T., Doi, H., Uramoto, G.- I., Wörmer, L., Adhikari, R. R., Xiao, 
N., Morono, Y., D'Hondt, S., Hinrichs, K.- U., & Inagaki, F. (2020). 
Global diversity of microbial communities in marine sediment. 
Proceedings of the National Academy of Sciences of the United 
States of America, 117(44), 27587– 27597. https://doi.org/10.1073/
pnas.19191 39117

Huey, R. B., & Slatkin, M. (1976). Cost and benefits of lizard thermoregu-
lation. The Quarterly Review of Biology, 51(3), 363– 384. https://doi.
org/10.1086/409470

Hutchinson, G. E. (1957). Concluding remarks. Cold Spring Harbor 
Symposia on Quantitative Biology, 22, 415– 427. doi:https://doi.
org/10.1101/SQB.1957.022.01.039

Hyatt, D., Chen, G.- L., LoCascio, P. F., Land, M. L., Larimer, F. W., & 
Hauser, L. J. (2010). Prodigal: Prokaryotic gene recognition and 
translation initiation site identification. BMC Bioinformatics, 11(1), 
119. https://doi.org/10.1186/1471- 2105- 11- 119

Jasmin, J.- N., & Kassen, R. (2007). On the experimental evolution of spe-
cialization and diversity in heterogeneous environments. Ecology 
Letters, 10(4), 272– 281. https://doi.org/10.1111/ j.1461- 0248. 2007. 
01021.x

Jessup, C. M., Kassen, R., Forde, S. E., Kerr, B., Buckling, A., Rainey, P. B., 
& Bohannan, B. J. M. (2004). Big questions, small worlds: Microbial 
model systems in ecology. Trends in Ecology & Evolution, 19(4), 189– 
197. https://doi.org/10.1016/j.tree.2004.01.008

Joshi, N., & Fass, J. (2001). Sickle: A sliding- window, adaptive, quality- based 
trimming tool for FastQ files (Version 1.33) [Software]. Available at 
https://github.com/najos hi/sickle

Kanehisa, M., Araki, M., Goto, S., Hattori, M., Hirakawa, M., Itoh, M., 
Katayama, T., Kawashima, S., Okuda, S., Tokimatsu, T., & Yamanishi, 
Y. (2007). KEGG for linking genomes to life and the environment. 
Nucleic Acids Research, 36(Database), D480– D484. https://doi.
org/10.1093/nar/gkm882

Kazanov, M. D., Vitreschak, A. G., & Gelfand, M. S. (2007). Abundance and 
functional diversity of riboswitches in microbial communities. BMC 
Genomics, 8(1), 347. https://doi.org/10.1186/1471- 2164- 8- 347

Kellermann, V., van Heerwaarden, B., Sgrò, C. M., & Hoffmann, A. A. 
(2009). Fundamental Evolutionary Limits in Ecological Traits Drive 
Drosophila Species Distributions. Science, 325(5945), 1244. https://
doi.org/10.1126/scien ce.1175443

Kielbasa, S. M., Wan, R., Sato, K., Horton, P., & Frith, M. C. (2011). 
Adaptive seeds tame genomic sequence comparison. Genome 
Research, 21(3), 487– 493. https://doi.org/10.1101/gr.113985.110

Konopka, A., Lindemann, S., & Fredrickson, J. (2015). Dynamics in mi-
crobial communities: Unraveling mechanisms to identify princi-
ples. The ISME Journal, 9(7), 1488– 1495. https://doi.org/10.1038/
ismej.2014.251

https://doi.org/10.1093/database/bau100
https://doi.org/10.1093/bioinformatics/btz848
https://doi.org/10.1093/bioinformatics/btz848
https://doi.org/10.1111/j.1461-0248.2009.01336.x
https://doi.org/10.1111/j.1461-0248.2009.01336.x
https://doi.org/10.1128/AEM.01299-16
https://doi.org/10.1128/AEM.01299-16
https://doi.org/10.1038/s41598-020-59231-9
https://doi.org/10.1038/s41598-020-59231-9
https://doi.org/10.1111/j.1365-2664.2009.01744.x
https://doi.org/10.2436/20.1501.01.55
https://doi.org/10.1098/rstb.2012.0019
https://doi.org/10.1098/rstb.2012.0019
https://doi.org/10.1038/ismej.2011.94
https://doi.org/10.1073/pnas.1805518115
https://doi.org/10.1073/pnas.1805518115
https://doi.org/10.1128/mBio.01279-16
https://doi.org/10.1146/annurev-marine-010814-015934
https://doi.org/10.1146/annurev-marine-010814-015934
https://doi.org/10.1038/nature09592
https://doi.org/10.1086/283244
https://doi.org/10.1086/283244
https://doi.org/10.1890/120282
https://doi.org/10.1371/journal.pgen.1002815
https://doi.org/10.1371/journal.pgen.1002815
https://CRAN.R-project.org/package=olsrr
https://CRAN.R-project.org/package=olsrr
https://doi.org/10.1890/04-0922
https://doi.org/10.1890/04-0922
https://doi.org/10.1073/pnas.1919139117
https://doi.org/10.1073/pnas.1919139117
https://doi.org/10.1086/409470
https://doi.org/10.1086/409470
https://doi.org/10.1101/SQB.1957.022.01.039
https://doi.org/10.1101/SQB.1957.022.01.039
https://doi.org/10.1186/1471-2105-11-119
https://doi.org/10.1111/j.1461-0248.2007.01021.x
https://doi.org/10.1111/j.1461-0248.2007.01021.x
https://doi.org/10.1016/j.tree.2004.01.008
https://github.com/najoshi/sickle
https://doi.org/10.1093/nar/gkm882
https://doi.org/10.1093/nar/gkm882
https://doi.org/10.1186/1471-2164-8-347
https://doi.org/10.1126/science.1175443
https://doi.org/10.1126/science.1175443
https://doi.org/10.1101/gr.113985.110
https://doi.org/10.1038/ismej.2014.251
https://doi.org/10.1038/ismej.2014.251


1232  |    RAIN- FRANCO et Al.

Kopylova, E., Noe, L., & Touzet, H. (2012). SortMeRNA: Fast and ac-
curate filtering of ribosomal RNAs in metatranscriptomic data. 
Bioinformatics, 28(24), 3211– 3217. https://doi.org/10.1093/bioin 
forma tics/bts611

Krause, S., Le Roux, X., Niklaus, P. A., Van Bodegom, P. M., Lennon, J. 
T., Bertilsson, S., Grossart, H.- P., Philippot, L., & Bodelier, P. L. E. 
(2014). Trait- based approaches for understanding microbial bio-
diversity and ecosystem functioning. Aquatic Microbiology, 5, 251. 
https://doi.org/10.3389/fmicb.2014.00251

Kültz, D. (2003). Evolution of the cellular stress proteome: From mono-
phyletic origin to ubiquitous function. Journal of Experimental 
Biology, 206(18), 3119– 3124. https://doi.org/10.1242/jeb.00549

Ladau, J., & Eloe- Fadrosh, E. A. (2019). Spatial, temporal, and phyloge-
netic scales of microbial ecology. Trends in Microbiology, 27(8), 662– 
669. https://doi.org/10.1016/j.tim.2019.03.003

Lambert, S., Tragin, M., Lozano, J.- C., Ghiglione, J.- F., Vaulot, D., Bouget, 
F.- Y., & Galand, P. E. (2019). Rhythmicity of coastal marine picoeu-
karyotes, bacteria and archaea despite irregular environmen-
tal perturbations. The ISME Journal, 13(2), 388– 401. https://doi.
org/10.1038/s4139 6- 018- 0281- z

Langmead, B., & Salzberg, S. L. (2012). Fast gapped- read alignment with 
Bowtie 2. Nature Methods, 9(4), 357– 359. https://doi.org/10.1038/
NMETH.1923

Lecompte, O., Ripp, R., Thierry, J. C., Moras, D., & Poch, O. (2002). 
Comparative analysis of ribosomal proteins in complete genomes: 
An example of reductive evolution at the domain scale. Nucleic 
Acids Research, 30(24), 5382– 5390. https://doi.org/10.1093/nar/
gkf693

Liao, Y., Smyth, G. K., & Shi, W. (2014). featureCounts: An efficient gen-
eral purpose program for assigning sequence reads to genomic 
features. Bioinformatics, 30(7), 923– 930. https://doi.org/10.1093/
bioin forma tics/btt656

Lin, J., Liang, H., Yan, J., & Luo, L. (2017). The molecular mechanism and 
post- transcriptional regulation characteristic of Tetragenococcus 
halophilus acclimation to osmotic stress revealed by quantita-
tive proteomics. Journal of Proteomics, 168, 1– 14. https://doi.
org/10.1016/j.jprot.2017.08.014

Lindquist, S., & Craig, E. A. (1988). The heat- shock proteins. Annual 
Review of Genetics, 22(1), 631– 677. https://doi.org/10.1146/annur 
ev.ge.22.120188.003215

Love, M. I., Huber, W., & Anders, S. (2014). Moderated estimation of fold 
change and dispersion for RNA- seq data with DESeq2. Genome 
Biology, 15(12), 550. https://doi.org/10.1186/s1305 9- 014- 0550- 8

Lozupone, C. A., & Knight, R. (2007). Global patterns in bacterial diver-
sity. Proceedings of the National Academy of Sciences of the United 
States of America, 104(27), 11436– 11440. https://doi.org/10.1073/
pnas.06115 25104

Lynch, M., & Gabriel, W. (1987). Environmental tolerance. American 
Naturalist, 129(2), 283– 303. https://doi.org/10.1086/284635

MacArthur, R. H. (1972). Geographical Ecology. Princeton University 
Press.

Malik, A. A., Martiny, J. B. H., Brodie, E. L., Martiny, A. C., Treseder, K. 
K., & Allison, S. D. (2020). Defining trait- based microbial strategies 
with consequences for soil carbon cycling under climate change. 
The ISME Journal, 14(1), 1– 9. https://doi.org/10.1038/s4139 
6- 019- 0510- 0

Marie, D., Simon, N., Guillou, L., Partensky, F., & Vaulot, D. (2000). Flow 
Cytometry Analysis of Marine Picoplankton. In R. A. Diamond, & S. 
Demaggio (Eds.), Living Color: Protocols in Flow Cytometry and Cell 
Sorting (pp. 421– 454). Springer. https://doi.org/10.1007/978- 3- 
642- 57049 - 0_34

Matias, M. G., Combe, M., Barbera, C., & Mouquet, N. (2013). Ecological 
strategies shape the insurance potential of biodiversity. Frontiers 
in Microbiology, 3, 432. https://doi.org/10.3389/fmicb.2012.00432

Ohtsu, I., Kawano, Y., Suzuki, M., Morigasaki, S., Saiki, K., Yamazaki, S., 
Nonaka, G., & Takagi, H. (2015). Uptake of L- cystine via an ABC 

transporter contributes defense of oxidative stress in the L- cystine 
export- dependent manner in Escherichia coli. PLoS One, 10(4), 
e0120619. https://doi.org/10.1371/journ al.pone.0120619

Ottesen, E. A., Young, C. R., Eppley, J. M., Ryan, J. P., Chavez, F. P., Scholin, 
C. A., & DeLong, E. F. (2013). Pattern and synchrony of gene expres-
sion among sympatric marine microbial populations. Proceedings 
of the National Academy of Sciences of the United States of America, 
110(6), E488– E497. https://doi.org/10.1073/pnas.12220 99110

P. Grime, J., & Pierce, S. (2012). The Evolutionary Strategies that Shape 
Ecosystems. Wiley- Blackwell.

Park, C. B., & Lee, S. B. (2000). Effects of exogenous compatible sol-
utes on growth of the hyperthermophilic archaeon Sulfolobus sol-
fataricus. Journal of Bioscience and Bioengineering, 89(4), 318– 322. 
https://doi.org/10.1016/S1389 - 1723(00)88952 - 5

Pinheira, J., Bates, D., DebRoy, S., Sarkar, D., & R Core Team (2020). 
{nlme}: Linear and Nonlinear Mixed Effects Models [R package ver-
sion 3.1- 148]. Retrieved from https://CRAN.R- proje ct.org/packa 
ge=nlme

Planton, S., Déqué, M., Chauvin, F., & Terray, L. (2008). Expected im-
pacts of climate change on extreme climate events. Comptes 
Rendus Geoscience, 340(9), 564– 574. https://doi.org/10.1016/j.
crte.2008.07.009

Prosser, J. I. (2015). Dispersing misconceptions and identifying oppor-
tunities for the use of “omics” in soil microbial ecology. Nature 
Reviews Microbiology, 13(7), 439– 446. https://doi.org/10.1038/
nrmic ro3468

Prosser, J. I., & Martiny, J. B. H. (2020). Conceptual challenges in mi-
crobial community ecology. Philosophical Transactions of the Royal 
Society B- Biological Sciences, 375(1798), 20190241. https://doi.
org/10.1098/rstb.2019.0241

Rao, M. R. R., & Stokes, J. L. (1953). Utilization of ethanol by acetic 
acid bacteria. Journal of Bacteriology, 66(6), 634– 638. https://doi.
org/10.1128/jb.66.6.634- 638.1953

Rocca, J. D., Simonin, M., Blaszczak, J. R., Ernakovich, J. G., Gibbons, 
S. M., Midani, F. S., & Washburne, A. D. (2019). The microbi-
ome stress project: Toward a global meta- analysis of environ-
mental stressors and their effects on microbial communities. 
Frontiers in Microbiology, 9, 3272. https://doi.org/10.3389/
fmicb.2018.03272

Rojas- Jimenez, K., Araya- Lobo, A., Quesada- Perez, F., Akerman- Sanchez, 
J., Delgado- Duran, B., Ganzert, L., & Grossart, H.- P. (2021). 
Variation of bacterial communities along the vertical gradient in 
Lake Issyk Kul, Kyrgyzstan. Environmental Microbiology Reports, 
13(3), 337– 347. doi: https://doi.org/10.1111/1758- 2229.12935

Romero, F., Acuña, V., & Sabater, S. (2020). Multiple stressors determine 
community structure and estimated function of river biofilm bac-
teria. Applied and Environmental Microbiology, 86(12), e00291- 20. 
https://doi.org/10.1128/AEM.00291 - 20

Roncarati, D., & Scarlato, V. (2017). Regulation of heat- shock genes in 
bacteria: From signal sensing to gene expression output. FEMS 
Microbiology Reviews, 41(4), 549– 574. https://doi.org/10.1093/
femsr e/fux015

Satinsky, B. M., Gifford, S. M., Crump, B. C., & Moran, M. A. (2013). Use of 
internal standards for quantitative metatranscriptome and metag-
enome analysis. Methods in Enzymology, 531, 237– 250. https://doi.
org/10.1016/B978- 0- 12- 40786 3- 5.00012 - 5

Seneviratne, S., Nicholls, N., Easterling, D., Goodess, C., Kanae, S., Kossin, 
J., Zwiers, F. W. (2012). Changes in climate extremes and their im-
pacts on the natural physical environment. In C. B. Field, V. Barros, 
T. F. Stocker, D. Qin, D. J. Dokken, K. L. Ebi, M. D. Mastrandrea, 
K. J. Mach, G. -  K. Plattner, S. K. Allen, M. Tignor & P. M. Midgley 
(Eds.), Managing the Risks of Extreme Events and Disasters to Advance 
Climate Change Adaptation, A Special Report of Working Groups I 
and II of the Intergovernmental Panel on Climate Change (IPCC) (pp. 
109– 230). Cambridge University Press. https://doi.org/10.7916/
d8- 6nbt- s431

https://doi.org/10.1093/bioinformatics/bts611
https://doi.org/10.1093/bioinformatics/bts611
https://doi.org/10.3389/fmicb.2014.00251
https://doi.org/10.1242/jeb.00549
https://doi.org/10.1016/j.tim.2019.03.003
https://doi.org/10.1038/s41396-018-0281-z
https://doi.org/10.1038/s41396-018-0281-z
https://doi.org/10.1038/NMETH.1923
https://doi.org/10.1038/NMETH.1923
https://doi.org/10.1093/nar/gkf693
https://doi.org/10.1093/nar/gkf693
https://doi.org/10.1093/bioinformatics/btt656
https://doi.org/10.1093/bioinformatics/btt656
https://doi.org/10.1016/j.jprot.2017.08.014
https://doi.org/10.1016/j.jprot.2017.08.014
https://doi.org/10.1146/annurev.ge.22.120188.003215
https://doi.org/10.1146/annurev.ge.22.120188.003215
https://doi.org/10.1186/s13059-014-0550-8
https://doi.org/10.1073/pnas.0611525104
https://doi.org/10.1073/pnas.0611525104
https://doi.org/10.1086/284635
https://doi.org/10.1038/s41396-019-0510-0
https://doi.org/10.1038/s41396-019-0510-0
https://doi.org/10.1007/978-3-642-57049-0_34
https://doi.org/10.1007/978-3-642-57049-0_34
https://doi.org/10.3389/fmicb.2012.00432
https://doi.org/10.1371/journal.pone.0120619
https://doi.org/10.1073/pnas.1222099110
https://doi.org/10.1016/S1389-1723(00)88952-5
https://CRAN.R-project.org/package=nlme
https://CRAN.R-project.org/package=nlme
https://doi.org/10.1016/j.crte.2008.07.009
https://doi.org/10.1016/j.crte.2008.07.009
https://doi.org/10.1038/nrmicro3468
https://doi.org/10.1038/nrmicro3468
https://doi.org/10.1098/rstb.2019.0241
https://doi.org/10.1098/rstb.2019.0241
https://doi.org/10.1128/jb.66.6.634-638.1953
https://doi.org/10.1128/jb.66.6.634-638.1953
https://doi.org/10.3389/fmicb.2018.03272
https://doi.org/10.3389/fmicb.2018.03272
https://doi.org/10.1111/1758-2229.12935
https://doi.org/10.1128/AEM.00291-20
https://doi.org/10.1093/femsre/fux015
https://doi.org/10.1093/femsre/fux015
https://doi.org/10.1016/B978-0-12-407863-5.00012-5
https://doi.org/10.1016/B978-0-12-407863-5.00012-5
https://doi.org/10.7916/d8-6nbt-s431
https://doi.org/10.7916/d8-6nbt-s431


    |  1233RAIN- FRANCO et Al.

Sévin, D. C., Stählin, J. N., Pollak, G. R., Kuehne, A., & Sauer, U. 
(2016). Global metabolic responses to salt stress in fifteen spe-
cies. PLoS One, 11(2), e0148888. https://doi.org/10.1371/journ 
al.pone.0148888

Sexton, J. P., Montiel, J., Shay, J. E., Stephens, M. R., & Slatyer, R. A. 
(2017). Evolution of ecological niche breadth. Annual Review of 
Ecology, Evolution, and Systematics, 48(1), 183– 206. https://doi.
org/10.1146/annur ev- ecols ys- 11031 6- 023003

Shen, D., Juergens, K., & Beier, S. (2018). Experimental insights into the 
importance of ecologically dissimilar bacteria to community as-
sembly along a salinity gradient. Environmental Microbiology, 20(3), 
1170– 1184. https://doi.org/10.1111/1462- 2920.14059

Singh, M., Kumar, J., Singh, S., Singh, V. P., & Prasad, S. M. (2015). 
Roles of osmoprotectants in improving salinity and drought tol-
erance in plants: A review. Reviews in Environmental Science and 
Bio/Technology, 14(3), 407– 426. https://doi.org/10.1007/s1115 
7- 015- 9372- 8

Slatyer, R. A., Hirst, M., & Sexton, J. P. (2013). Niche breadth predicts 
geographical range size: A general ecological pattern. Ecology 
Letters, 16(8), 1104– 1114. https://doi.org/10.1111/ele.12140

Sørensen, J. G., Kristensen, T. N., & Loeschcke, V. (2003). The evolution-
ary and ecological role of heat shock proteins. Ecology Letters, 6(11), 
1025– 1037. https://doi.org/10.1046/j.1461- 0248.2003.00528.x

Stead, M. B., Agrawal, A., Bowden, K. E., Nasir, R., Mohanty, B. K., 
Meagher, R. B., & Kushner, S. R. (2012). RNAsnap (TM): A rapid, 
quantitative and inexpensive, method for isolating total RNA 
from bacteria. Nucleic Acids Research, 40(20), e156. https://doi.
org/10.1093/nar/gks680

Sultan, S. E. (2001). Phenotypic plasticity for fitness components in po-
lygonum species of contrasting ecological breadth. Ecology, 82(2), 
328– 343.

Szekely, A. J., Berga, M., & Langenheder, S. (2013). Mechanisms de-
termining the fate of dispersed bacterial communities in new en-
vironments. Isme Journal, 7(1), 61– 71. https://doi.org/10.1038/
ismej.2012.80

Thuiller, W., Lavorel, S., & Araújo, M. B. (2005). Niche properties and 
geographical extent as predictors of species sensitivity to climate 
change. Global Ecology and Biogeography, 14(4), 347– 357. https://
doi.org/10.1111/j.1466- 822X.2005.00162.x

Tischer, K., Zeder, M., Klug, R., Pernthaler, J., Schattenhofer, M., Harms, 
H., & Wendeberg, A. (2012). Fluorescence in situ hybridization 
(CARD- FISH) of microorganisms in hydrocarbon contaminated 
aquifer sediment samples. Systematic and Applied Microbiology, 
35(8), 526– 532. https://doi.org/10.1016/j.syapm.2012.01.004

Van Buskirk, J. (2002). A comparative test of the adaptive plasticity 
hypothesis: Relationships between habitat and phenotype in an-
uran larvae. The American Naturalist, 160(1), 87– 102. https://doi.
org/10.1086/340599

Weidenhaupt, M., Rossi, P., Beck, C., Fischer, H.- M., & Hennecke, H. 
(1996). Bradyrhizobium japonicum possesses two discrete sets 
of electron transfer flavoprotein genes: FixA, fixB and etfS, etfL. 
Archives of Microbiology, 165(3), 169– 178. https://doi.org/10.1007/
BF016 92858

Welsh, D. T. (2000). Ecological significance of compatible solute accumu-
lation by micro- organisms: From single cells to global climate. FEMS 
Microbiology Reviews, 24(3), 263– 290. https://doi.org/10.1111/
j.1574- 6976.2000.tb005 42.x

Yachi, S., & Loreau, M. (1999). Biodiversity and ecosystem productivity in 
a fluctuating environment: The insurance hypothesis. Proceedings 
of the National Academy of Sciences of the United States of America, 
96(4), 1463– 1468. https://doi.org/10.1073/pnas.96.4.1463

SUPPORTING INFORMATION
Additional supporting information may be found in the online 
version of the article at the publisher’s website.

How to cite this article: Rain- Franco, A., Mouquet, N., 
Gougat- Barbera, C., Bouvier, T., & Beier, S. (2022). Niche 
breadth affects bacterial transcription patterns along a salinity 
gradient. Molecular Ecology, 31, 1216– 1233. https://doi.
org/10.1111/mec.16316

https://doi.org/10.1371/journal.pone.0148888
https://doi.org/10.1371/journal.pone.0148888
https://doi.org/10.1146/annurev-ecolsys-110316-023003
https://doi.org/10.1146/annurev-ecolsys-110316-023003
https://doi.org/10.1111/1462-2920.14059
https://doi.org/10.1007/s11157-015-9372-8
https://doi.org/10.1007/s11157-015-9372-8
https://doi.org/10.1111/ele.12140
https://doi.org/10.1046/j.1461-0248.2003.00528.x
https://doi.org/10.1093/nar/gks680
https://doi.org/10.1093/nar/gks680
https://doi.org/10.1038/ismej.2012.80
https://doi.org/10.1038/ismej.2012.80
https://doi.org/10.1111/j.1466-822X.2005.00162.x
https://doi.org/10.1111/j.1466-822X.2005.00162.x
https://doi.org/10.1016/j.syapm.2012.01.004
https://doi.org/10.1086/340599
https://doi.org/10.1086/340599
https://doi.org/10.1007/BF01692858
https://doi.org/10.1007/BF01692858
https://doi.org/10.1111/j.1574-6976.2000.tb00542.x
https://doi.org/10.1111/j.1574-6976.2000.tb00542.x
https://doi.org/10.1073/pnas.96.4.1463
https://doi.org/10.1111/mec.16316
https://doi.org/10.1111/mec.16316

