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Abstract
Deciphering the responses of microbial populations to spatiotemporal changes in their thermal environment is instrumental in
improving our understanding of their eco-evolutionary dynamics. Recent studies have shown that current phenotyping protocols
do not adequately address all dimensions of phenotype expression. Therefore, these methods can give biased assessments of
sensitivity to temperature, leading to misunderstandings concerning the ecological processes underlying thermal plasticity. We
describe here a new robust and versatile experimental framework for the accurate investigation of thermal performance and
phenotypic diversity in yeasts and yeast-like microorganisms, at the individual and population levels. In addition to proof-of-
concept, the application of this framework to the fungal wheat pathogen Zymoseptoria tritici resulted in detailed characterisations
for this yeast-like microorganism of (i) the patterns of temperature-dependent changes in performance for four fitness traits; (ii)
the consistency in thermal sensitivity rankings of strains between in planta and in vitro growth assessments; (iii) significant
interindividual variation in thermal responses, with four principal thermotypes detected in a sample of 66 strains; and (iv) the
ecological consequences of this diversity for population-level processes through pairwise competition experiments highlighting
temperature-dependent outcomes. These findings extend our knowledge and ability to quantify and categorise the phenotypic
heterogeneity of thermal responses. As such, they lay the foundations for further studies elucidating local adaptation patterns and
the effects of temperature variations on eco-evolutionary and epidemiological processes.
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Introduction

Microorganisms inhabit diverse environments differing con-
siderably in terms of their temperature conditions (mean,

range, variance, dynamics). For example, foliar pathogens live
in patchy environments subject to thermal variations, the mag-
nitude and rate of which vary over space (heterogeneity) and
time (dynamics) [1, 2]. Temperature has a large effect on the
growth of microorganisms, and is thus a crucial factor that
must be taken into account when deciphering the ecological
and epidemiological processes in which these microorganisms
are involved [3], e.g. disease development for foliar pathogens
of plants [4]. The response to thermal conditions differs be-
tween individuals [3]; therefore, it is vital to characterise the
diversity of these responses in natural populations to predict
changes, such as epidemic outbreaks, particularly in a context
of climate change [5]. To that end, a set of efficient, reproduc-
ible and standardised thermal phenotyping protocols is neces-
sary to quantify these responses accurately and to ensure that
they can be compared between individuals, populations and
experiments.
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In addition to the fact that protocols meeting these require-
ments are still lacking to date [6], the phenotyping of thermal
responses is currently subject to six types of limitation. These
limitations may be inherent to the experimental design (i–ii),
or may arise in either the measurement (iii–v) or data analysis
(vi) phases namely:

- (i) suboptimal choice of the proxy for fitness when inves-
tigating phenotypic heterogeneity between individuals in the
absence of prior multiple trait-based approaches. Indeed, the
fitness traits under study will not necessarily have a similar
effect on the components of performance (growth, reproduction
and survival) or be affected similarly by temperature [7, 8];

- (ii) fragmented range and disparate resolution of the ther-
mal conditions studied, leading to errors in the prediction of
key thermal parameters [9];

- (iii) potential biases in the measurement of performance
likely to magnify or counteract differences between replicates
and/or individuals. This can be seen in the case of fungi, for
which conventional protocols rely on radial growth rate mea-
surements on solidified agar surfaces in Petri dishes. Indeed,
colony diameter and area do not capture growth in three di-
mensions and are affected by both the physical heterogeneity
of the moisture content of the solid medium and the differ-
ences in surface tension between plates [10];

- (iv) suboptimal consideration and monitoring of time-
dependent effects inherent to labile fitness traits [11], with
measurements often conducted at a single time point;

- (v) use of an incorrect indicator of the temperature
actually perceived by the microorganism during the ex-
periment (e.g. micro- vs. phyllo-climate [2]). For exam-
ple, air temperatures are widely used in studies carried
out under controlled (incubator or phytotron units),
semi-controlled (greenhouse) or natural conditions
(field) but do not correspond to the temperatures of
the immediate environment of microorganisms, i.e. cul-
ture medium (in vitro assays) or leaf (in planta assays)
temperatures [4];

- (vi) incorrect description of the experimental data when
establishing TPCs [12] (thermal performance curves, which
depict the variation of performance over a range of tempera-
tures [7]) due to the inaccurate selection of candidate models
(e.g. a linear model with only two temperatures) and/or an
underappreciation of the constraints of the model on the con-
fidence estimates of key thermal parameters [13].

All these factors result in a partial view of the relationship
between trait, fitness and temperature, by hindering the plot-
ting of accurate and robust TPCs.

Based upon these limitations, the design of phenotyp-
ing protocols is a potential stumbling block in the de-
velopment of future high-throughput phenotyping assays
assessing the phenotypic heterogeneity of thermal re-
sponses. This is particularly evident in the case of
Zymoseptoria tr i t ic i ( former ly Mycosphaerel la

graminicola), the causal agent of Septoria tritici blotch
(STB), one of the most important foliar diseases of
wheat worldwide [14]. For this biological model, re-
search on thermal adaptation has been restricted to
in vitro comparisons of two temperatures, with growth
measured on solidified agar, at one to three time points
[10, 15, 16], resulting in the inherent biases mentioned
above. A phenotyping protocol has been proposed in
planta for the latent period [4], defined as the time
interval between infection and sporulation, but it is suit-
able only for small numbers of samples (time-consum-
ing and intensive procedures for disease assessment over
a wide range of temperatures). Furthermore, in the case
of in planta assessments, differential responses of per-
formance (the expression of aggressiveness in this in-
stance) between strains can take the form of a cross
effect between host resistance and temperature adapta-
tion [17, 18].

Objective and Strategy

This study aimed to bridge these gaps by providing a generic
experimental framework for phenotyping the responses of a
microorganism to its temperature at the individual (responses
of quantitative traits to temperature) and population (interin-
dividual variability for a given trait) levels. This framework
was designed to be suitable for use with microorganisms
whose growth predominantly results from budding or fission
(e.g. yeasts and yeast-likemicroorganisms). It was implement-
ed here for Z. tritici, to provide both proof-of-concept and new
research findings concerning the thermal responses of this
pathogen.

We present in this study (i) a laboratory-standardised
and miniaturised method for accurately characterising the
full functional thermal responses of Z. tritici over a wide
range of temperatures, with practical recommendations
for its use for yeasts and other yeast-like microorgan-
isms; (ii) an investigation of the interdependence of
Z. tritici phenotypic traits regarding individual thermal
sensitivity (phenotypic integration) to assess the biologi-
cal relevance and quality of the information acquired in
this framework; (iii) a characterisation of the diversity of
thermal responses in Z. tritici between individuals and
within and between populations; and (iv) an assessment
of the consequences of this diversity for population-level
ecological processes.

Methods

The responses of Z. tritici to its thermal environment were
analysed by establishing TPCs for sampled strains under
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laboratory-standardised and miniaturised conditions. This
method involves measuring differences in growth kinetics
(i.e. the increase in the number of yeast-like spores over time)
within aliquots of different spore suspensions exposed to 12
temperatures (stage I). We assessed its veracity (stage II) and
biological relevance (stage III), and then applied it to investi-
gate the diversity of thermal phenotypes in Z. tritici and its
consequences for population-level processes (stage IV).

A Step-by-Step Guide to the Thermal Phenotyping
Framework [stage I]

An in vitro approach was developed to screen a large number
of strains, using growth kinetics as a proxy for fitness. The
steps in the thermal phenotyping process are summarised in
Fig. 1.

Preparation of Fungal Cultures (Fig. 1.1)

Inoculum was prepared from stock tubes of Z. tritici spore
suspensions stored at − 80 °C in a 1:1 glycerol–water mixture.
Subcultures were grown on PDA (potato dextrose agar, 39 g
L−1) in a Petri dish and kept at 18 °C in the dark for 6 days.
Spores were scraped from the agar surface and resuspended in
a liquid glucose peptone medium (14.3 g L−1 dextrose, 7.1 g
L−1 bactopeptone and 1.4 g L−1 yeast extract). Concentrations
of the resulting suspensions were adjusted to 2.5 × 105 spores
mL−1 in a Malassez counting chamber. For each spore suspen-
sion, eight culture aliquots were dispensed in the eight wells of

a column of a 96-well microtiter plate (Microtest Plate,
Sarstedt), with an eight-channel pipette (150 μL per well).
The first column was reserved for the blank (eight wells con-
taining non-inoculated liquid medium), to take into account
the contribution of the medium to optical density. With our
experimental design, it was possible to study 11 strains simul-
taneously on each microtiter plate of a given experimental
series. Microtiter plates were prepared in 12 replicates, each
of which was assigned to one of the 12 temperatures studied.
Plates were sealed with a sterile gas-permeable membrane
(Breathe-Easy, Diversified Biotech) to prevent contamination
and liquid medium evaporation. Preliminary tests were con-
ducted to select the optimal culture conditions for studying
Z. tritici growth at various temperatures (see Electronic
Supplementary Material, ESM 1a).

Initiation of the Growth Experiment (Fig. 1.2)

Each plate was statically incubated in the dark for 4 days at
one of the 12 study temperatures from 6.5 to 33.5 °C (6.5, 9.5,
11.5, 14.5, 17.5, 20.0, 22.5, 24.5, 26.5, 28.5, 30.5 and
33.5 °C). The number, resolution and range of these temper-
atures were chosen so as to ensure the accurate capture of
responses to temperature [9]. We chose to stop monitoring
growth at 4 days for two reasons: to capture the growth
kinetics until saturation (stationary phase) whilst avoiding
the phase during which experimental artefacts would be
likely to occur. A biofilm-like structure [19] formed at the
surface of the liquid medium after 5 days, and this structure

Fig. 1 Overview of the steps in the thermal phenotyping framework for a
given strain. (1) Preparation of fungal cultures by adjusting spore
suspensions and dispensing them in 12 microtiter plates; (2) Incubation
of microtiter plates in the dark for 4 days at 12 temperatures; (3) Kinetic
monitoring of fungal growth for each temperature through OD405

measurements with a spectrophotometer; (4) Calculation of the
maximum growth rate μ (slope at the inflection point) for each

temperature; (5) Expression of μ as a function of temperature; (6)
Establishment of the strain’s thermal performance curve (TPC) by the
fitting of mathematical models to the growth rate data illustrated in step
5; (7) Capture of TPC features by retrieving key thermal parameters:
maximum performance (Pmax), thermal optimum (Topt), maximum
temperature (Tmax) and 80% thermal performance breadth (TPB80)
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altered spore number estimates in the microplate wells (see
ESM 1b). The 12 constant thermal environments were ob-
tained by placing the plates in plastic boxes in an incubator
(Heratherm Incubator IMC 18, Thermo Fisher Scientific) or
in a water bath under thermostatic control (Polystat 24
Immersion Circulator, Thermo Fisher Scientific).

Kinetic Monitoring of Fungal Growth (Fig. 1.3)

Plates were removed from their thermal environment to mea-
sure the optical density of each well at 405 nm (OD405) three
times per day, at 5-h intervals, with a microplate spectropho-
tometer (Multiskan FC and dedicated SkanIt Software,
Thermo Fisher Scientific). Plates were shaken before each
reading (horizontal shaking for 5 s at 5 Hz, with an amplitude
of 15 mm) to aerate the medium and ensure a uniform distri-
bution of spores within the suspension.

Establishment of TPCs (Fig. 1.4–1.6)

Optical density (OD405) measurements were converted into
spore numbers for each suspension, with a calibration curve
(see Eq. 1). This calibration curve, which relates OD405 values
to the actual spore concentration of 30 dilutions (1.25× dilu-
tion series, as recommended in [20]), was established for four
reference strains and was shown to be suitable for broad-
spectrum application when assessed with a set of 68 strains
(no significant difference in curve coefficients).

OD ¼ 4:2� 10−7S þ 0:06 ðEq:1Þ
where OD is the OD405 value subtracted by the intrinsic ab-
sorbance of the medium (blank value) and S is the number of
spores per millilitre estimated with an automated particle
counter (Flow-Cell FC200S+, Occhio).

The TPC for a given strain was obtained by (i) fitting logistic
curves to its growth kinetics curve at each of the 12 tempera-
tures studied (Fig. 1.4); (ii) extracting the mean maximum
growth rate for each fitting (Fig. 1.5); and (iii) fitting a non-
linear model to biological growth rate data (Fig. 1.6). Since the
goodness-of-fit of models to data varies with temperature (i.e.
on the x-axis of TPCs), the systematic errors in predictions of
performancemay differ betweenmodels at a given temperature.
Thus, as population-based studies are more focused on
deciphering interindividual variations in TPCs than in obtaining
absolute performance values for each strain, we decided to use a
single model to describe TPCs for a given trait. After initial
fitting tests on the experimental data which was obtained for
Z. tritici, 15 mathematical models were chosen from a set of 50
models depicted in previous studies as descriptors of trait re-
sponses to temperature (see ESM 2). These 15 models were
classified according to their goodness and statistical relevance
of fit to experimental data. The criteria for discriminating

between models were the residual sum of squares, and the
Akaike and Schwarz weights [21]. We then selected the best
of the top-ranking candidate models by focusing successively
on (i) the distribution of residuals across the temperature range,
with greater weight given to the estimation accuracy of mid-
range rather than extreme temperatures; (ii) model constraints,
including in particular dependence of parameters [22] and sym-
metry [12]; (iii) practicality, i.e. whether the model has biolog-
ically meaningful parameters and is frequently used to describe
TPCs in the literature (see ESM 2).

Capturing Key Thermal Parameters from the TPC (Fig. 1.7)

The most appropriate model was adjusted separately for each
strain studied. The characteristics of each TPC were captured
with four key thermal parameters: maximum performance
(Pmax), thermal optimum (Topt), maximum temperature
(Tmax) and thermal performance breadth (TPB80: temperature
range over which performance exceeded 80% of Pmax) [3, 7].

Method Validation [stage II]

The method was validated by assessing the accuracy, repeat-
ability, reproducibility and suitability of the thermal phenotyp-
ing framework as defined by ISO international standards [23,
24]. The framework phenotyping steps (see Fig. 1) were ap-
plied to two Z. tritici reference strains (CBS-KNAW-IPO323
and INRA-FS0932) in a growth kinetics experiment that was
repeated three times consecutively (repetitions of experiment).
For both strains, spore concentrations were measured for eight
aliquots (technical replicates) at each of the 13 time steps
using two methods: turbidity (OD) and automated (Flow-
Cell FC200S+ particle counter and dedicated CALLISTO
software, Occhio) measurements.

The veracity of growth estimates from OD405 measure-
ments was evaluated by assessing agreement and precision
between optical density (OD method) and particle counter
(PC method) measurements. As extreme temperatures can
modify spore melanisation [16, 25] and as Z. tritici displays
dimorphism (potential transition from yeast-like to hyphal
growth forms, depending on growth conditions [26]), we also
checked that changes in OD were not due to shifts in the
optical properties of spores during growth monitoring. Spore
size (length and width), shape (straightness), melanisation
(greyscale level) and growth form (visual discrimination pro-
cedure) were analysed frommorphometric data and images of
all spores passing through the particle counter (accuracy as-
sessment; see ESM 3a). Differences in spore concentrations
were investigated between the technical replicates for each set
of growth conditions (strain × time × temperature) and be-
tween the three independent and consecutive repetitions of
the experiment (repeatability and reproducibility assessments,
respectively). We ensured that thermal growth conditions
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were homogeneous in the wells of each microtiter plate, by
carrying out a specific experiment at 11.5, 18.0 and 24.5 °C,
respectively: 20 T-type thermocouples (copper-constantan; di-
ameter 0.2 mm) were immersed in the culture medium of 20
wells and connected to a datalogger (Campbell Scientific),
which recorded temperature every 10 min (suitability assess-
ment; see ESM 4).

Consistency in Thermal Sensitivity for Assessments
Based on Different Fitness Traits [stage III]

Is the thermal sensitivity inferred from in vitro growth rate
representative of in planta trait-based thermal responses?
‘Phenotypic integration’ [27] of thermal responses was stud-
ied for a set of 18 Z. tritici strains in liquid medium (in vitro)
and on wheat plants (in planta). In vitro assessment involved
monitoring the growth kinetics of each strain at 12 tempera-
tures (see Fig. 1), whereas in planta assessment was based on
three conventional aggressiveness traits (AUDPC, LAT and
nbSPO; see Table 1). Each strain was inoculated by applying
a spore suspension (calibrated at 2 × 105 spores mL−1) to the
median part of the flag leaf (adaxial face) of six adult wheat
plants (cv. Apache, head fully emerged stage) [28]. This ex-
periment was conducted simultaneously under five thermal
regimes at mean temperatures of 12.4 (± 0.4), 14.3 (± 0.5),
17.1 (± 0.4), 18.9 (± 0.4) and 21.5 (± 0.4) °C. Leaf temperature
was recorded throughout the experiment with T-type thermo-
couples positioned under the leaf in contact with the inoculat-
ed area [4]. Disease symptoms were quantified twice weekly
until total leaf senescence, through visual assessments of the
sporulating area and the quantification of spore production
[28], to provide information about in planta traits (see
Table 1). For each trait, TPCs were established with the best
mathematical model from 15 candidates (see ESM 2). Based
on these TPCs, we conducted (i) a multitrait analysis to assess

matches in thermal response patterns between the four traits;
and (ii) a consistency assessment in which we ranked strains
based on the position of TPCs on the temperature axis for
growth rate (in vitro) and AUDPC (in planta).

Practical Applications [stage IV]

Application 1: Capturing Thermal Phenotypic Diversity
Between Individuals and Within and Between Populations

How much do thermal responses vary between individuals
and populations of Z. tritici? Six Z. tritici populations
(Fp1 to Fp6) of 11 strains each, collected on wheat cv.
Apache in fields located along two transects in France
(a north-south increasing gradient of mean annual temperature
and a west-east increasing gradient of annual temperature
range; see ESM 5a–c), were phenotyped. The TPCs of all
strains were established with a modified version of the thermal
phenotyping framework (growth measured 72 h after deposi-
tion, i.e. shortly after reaching the inflection point in the
growth kinetics) and were summarised by the calculation of
Pmax, Topt, Tmax and TPB80. Overall thermal phenotypic diver-
sity was assessed by establishing an average TPC template
and determining the extent to which it varied between strains.
We then conducted a hierarchical clustering on principal com-
ponents (HCPC) analysis on Pmax, Topt, Tmax and TPB80, to
group together thermal responses with similar characteristics
(entities hereafter referred to as ‘thermotypes’). We then
summarised this diversity, using the corresponding clusters
silhouette plot [29] to visualise the number, proportion and
features (compactness, separation, connectivity) of each
thermotype. We assessed the variation of TPCs within and
between populations, by analysing both divergence in the
means and variances of thermal parameters and the composi-
tion patterns of thermotypes.

Table 1 Definition, measurement and calculation of the three aggressiveness traits for which response to temperature was studied

Trait AUDPC LAT nbSPO

Definition Area under the sporulating
area progress curve

Latent period, i.e. estimation of
the time elapsed from inoculation
to appearance of the first pycnidia

Final number of pycnidiosporesb

produced per unit sporulating areaa

Measurement Sporulating areaa Sporulating areaa Total number of pycnidiosporesb

collected in lesion washing
suspensionsc and counted in a
Malassez counting chamber

Calculation Midpoint rule
(trapezoidal integration method)

Number of days post-inoculation
required to reach 5% of the
maximum sporulating areaa

Total number of pycnidiosporesb

divided by maximum sporulating areaa

a Leaf area covered by pycnidia (asexual fruiting bodies)
b Asexual spores liberated from pycnidia
c Suspensions obtained by sweeping the leaf sporulating area with a paintbrush into a fixed volume of water
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Application 2: Inferring Relative Fitness at the Individual
(Performance) and Population (Competitive Advantage)
Levels

TPCs show how temperature affects a given component of fit-
ness (applied here to growth rate) at the individual level. Canwe
upscale this knowledge to group or population levels using
additive rules? We conducted a pairwise competition experi-
ment to determine whether the actual relative fitness of two
strains grown together at a given temperature can be inferred
from their respective individual TPCs. Five Z. tritici strain pairs,
selected on the basis of their (dis)similar TPCs, were cocultured
in 150 μL of GPL, with an initial total spore concentration of
2.5 × 105 spores mL−1, at eight temperatures (7.0, 11.5, 15.0,
18.5, 21.0, 25.0, 28.5 and 30.5 °C), in five replicates. This
proof-of-concept experiment involved the monitoring of chang-
es in strain frequencies 72 h after deposition, by measuring the
final proportions of each strain by fluorescence microscopy and
image analyses [30] (see Fig. 2). Strain pairs were constituted
by coculturing a GFP-expressing IPO323 transformant
(IPO323* strain, Topt = 25.8 °C) with one of the following
non-GFP-expressing strains: (i) a strain with a similar TPC
and genetic background (WT-IPO323 corresponding to
IPO323* wild-type, Topt = 25.8 °C) at initial proportions of
25, 50 and 75% in the coculture; (ii) a strain with a similar
TPC but a contrasting genetic background (FS0917, Topt =
25.7 °C) at an initial proportion of 50%; (iii) three strains (anal-
yses conducted separately) with similar TPCs but differing from
IPO323* (FS0678, FS0922, FS1014; Topt = 19.1, 19.2, 19.3 °C,
respectively), at an initial proportion of 50% (see Fig. 7a).

Statistical Analyses

Four types of statistical analyses were conducted with R
software [31]: (i) comparisons of means between groups
based on analysis of variance (ANOVA) or its non-
parametric alternative (Kruskal-Wallis test); followed,
when necessary, by appropriate post-hoc tests (P value
threshold 0.05); (ii) fitting and analysis of a generalised

linear model quantifying the extent to which OD values
may be affected by experimental variables and their in-
teractions with time and temperature (stage II); (iii) non-
linear fitting and selection of mathematical models to
establish TPCs [32]; (iv) exploratory multivariate analy-
ses (PCA and HCPC) [33] to define thermotypes, the
characteristics of which were explored further with cluster-
ing validation indices [34] (application 1).

Results

Method Validation

Veracity and Precision of Spore Concentration Measurements

The results obtained with the OD and PC methods
displayed a high degree of agreement, as shown by
the strong correlation between paired measurements
(Pearson’s correlation coefficient 0.99; P < 0.01), al-
though the OD method tended to give slightly higher
estimates (by 0 to 7% of the total number of spores
in the sample). The OD method displayed less variation
in spore number estimates between successive replicate
measurements (Student’s t test; P < 0.01) and, as such,
appeared to be more reliable for the detection of small
but significant differences between strains (see ESM 6).

The OD Method Is Repeatable but Requires Normalisation
in Sequential Test Series

An ANCOVA was performed on the log-transformed
growth kinetics of IPO323 and FS0932 (see Fig. 3).
Spore concentration values were expressed as the com-
bined effect of strain (P < 0.01), OD reading time (P <
0.01), technical replicates (P = 0.99), well position (core
or edge wells; P = 0.95) and repetitions of experiment
(P < 0.01). In other words, the OD method was highly
repeatable, with no significant variation in spore

Fig. 2 Relative fitness measurements in pairwise competition
experiments at eight constant temperatures. (1) We tested pairs of
strains consisting of a GFP-expressing strain (IPO323* annotated as *),
the spores of which were visible under both white (WL) and fluorescent
(FL*) light and a non-GFP-expressing strain (si), the spores of which
were visible only under WL. IPO323* spores were cocultured with si
spores at initial proportions [iP(*)] of 25, 50 and 75%, in a 96-well
microtiter plate (Microtest Plate, Sarstedt), with each well containing
150 μL of inoculated GPL liquid medium. After 72 h of growth, 50 μL
aliquots of each coculture replicate were sampled and deposited on a

microscope slide. (2) Slides were photographed under both WL and
FL*, at × 10 magnification, with a fluorescence microscope equipped
with a camera (Leica DM5500 B, Leica Microsystems) and LAS-AF
software (Leica Microsystems). GFP fluorescence was captured with a
filter, with excitation at 450–490 nm and emission in the 500–550 nm
range. (3) All acquired images were analysed with ImageJ 1.48v
software. After conversion into black and white images, spores were
counted on WL- (nWL) and FL*- (nFL) photographs with the built-in
Subtract Background, Threshold and Analyze Particles functions; (4)
Calculation of the final proportions (fP) of each strain in the coculture
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concentration between aliquots or between positions on
the microtiter plate. However, consecutive repetitions of
the experiment were not strictly equivalent. Thus, when
the set of strains cannot be phenotyped in a single batch,
a control (reference strain) should be grown in each ex-
perimental run for subsequent normalisation.

The OD Method Is Suitable for the Thermal Phenotyping
of Z. tritici

We assessed the homogeneity of the system in terms of
temperature and potential biological artefacts, to check
that the phenotyping results obtained with the OD meth-
od were truly representative. We first checked the ther-
mal homogeneity of in vitro growth conditions between
wells of the same microtiter plate at three temperatures
(deviation of the temperature of individual wells from the
overall mean temperature of the microtiter plate < max-
imum residual error of measurements; see ESM 4b).
Regarding spore optical properties during growth moni-
toring, spore length, width and shape had no significant
effect on the change in OD values. Suspensions exposed
to extreme temperatures (below 11.5 °C and above
30.5 °C) contained a slightly higher proportion of hyphal
forms (not statistically significant). This change in the
proportion of hyphal forms, which remained below 1%
in all experimental conditions (see ESM 3b), had no
effect on OD at any temperature except at 9.5 °C (inter-
action hyphae/temperature; P = 0.02), at which the hy-
phal forms presented more signs of branching filamen-
tous structures. Melanisation affected OD, with a gradual
increase in melanin levels detected after day 2 of the
experiment (see ESM 3c), but this effect was not

dependent on the temperature of the liquid medium (see
Table 2 and ESM 3d).

Consistency in Thermal Sensitivity for Assessments
Based on Different Fitness Traits

Difference in TPCs Between the Four Fitness Traits

The mean TPCs for in vitro growth rate, AUDPC, LAT
and nbSPO were described by different non-linear func-
tions and key thermal parameter values (see Fig. 4). These
differences reflect variations of the shape and position of
performance distribution along the temperature axis (e.g.
Topt was 4.3 °C higher for in vitro growth rate than for
AUDPC; 20.3 vs. 16.0 °C), with large differences in the
rate and magnitude of changes in performance per degree
change in temperature over the range. The overall corre-
lation between in vitro growth rate and latent period or
sporulation capacity was weak, but the one between
in vitro growth rate and AUDPC was strong, for Topt
values (see Fig. 5b) and for full responses (Pearson’s cor-
relation coefficient: global 0.76, Topt 0.92; P < 0.05).

Consistency of the Thermal Sensitivity Rankings of Strains
for In Vitro Growth Rate and AUDPC

In vitro growth rate was found to be a reliable proxy for
the assessment of thermal sensitivity, with the results
obtained highly consistent with aggressiveness in planta.

Fig. 3 Changes in spore concentration within the suspension over 4 days.
Growth kinetics of two Z. tritici strains (here represented as a function of
time in hours post-inoculation—HPI—and at their respective Topt) were
analysed by fitting a logistic regression model to the experimental data
obtained for IPO323 (squares and solid lines) and FS0932 (circles and
dotted lines). Each data point corresponds to the mean of eight technical
replicates in an experiment repeated three times (each repetition being
shown in a different colour)

Table 2 Impact of experimental variables on OD measurements across
the experiment. We investigated the experimental factors which can affect
OD values, by fitting a generalised linear model to growth kinetics data
over a 4-day period, during which we monitored spore concentration and
optical properties. The main effects and interactions with time and
temperature are summarised by P values (F test)

Variables Effect
on OD

Interaction
with time

Interaction
with temperature

Number of spores < 0.01 – –

Time < 0.01 – –

Temperature < 0.01 – –

Spore length 0.88 0.93 0.17

Spore width 0.19 0.12 0.19

Spore shape 0.20 0.73 0.37

Spore melanisation 0.49 < 0.01 0.07

Presence of hyphal
growth forms

0.26 0.42 0.02a

a The corresponding post-hoc test indicates that the limited presence of
hyphal growth forms affected OD values only at 9.5 °C (at which tem-
perature there was more pseudohyphae, i.e. growth forms presenting the
first signs of branching of the filamentous structures). This interaction
was not significant at the other 11 temperatures
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As TPC shape did not differ significantly between the 18
strains (Kruskal-Wallis, P < 0.05), Topt can be considered
to reflect the position of the TPC along the temperature
axis. This parameter was used to rank strains for both
in vitro growth rate and AUDPC (see Fig. 5a). In total,
11 of 18 strains were assigned to the same thermal sensi-
tivity rank, and the ranking errors between the two assess-
ments ranged from − 2 to + 2. Consequently, strain

categorisation (e.g. ‘cold-adapted’ vs. ‘warm-adapted’
strains) was conserved whether estimated in vitro or in
planta. A clear benefit of the in vitro method is the mag-
nification of the Topt distribution relative to in planta dis-
ease assessment (4.8 vs. 2.2 °C; see Fig. 5c). This differ-
ence was particularly pronounced for cold-adapted strains,
as there was a slight imbalance (distribution tail of the
kernel density plot) in Topt distribution for lower values.
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Fig. 4 TPCs of four Z. tritici phenotypic traits. a In vitro growth rate. b In
plantaAUDPC (area under the sporulating area progress curve). c Inverse
of in planta latent period expressed in dpi−1 (number of days post-
inoculation−1 required to reach 5% of the maximum sporulating area). d
In planta sporulation capacity (final number of pycnidiospores produced

per unit of maximum sporulating area). Data points correspond to the
mean trait performance calculated for 18 Z. tritici isolates (mean ±
SEM). TPCs were obtained by fitting the most appropriate
mathematical model (solid line) to each data set and are displayed with
their 95% confidence intervals (shaded area)

Fig. 5 Consistency in the ranking of thermal responses for 18 Z. tritici
strains assessed on the basis of two phenotypic traits. a Theoretical
representation of the information provided by the position of Topt
(dotted lines) along the temperature axis (horizontal shift of TPCs
showing performance P as a function of temperature T) and consecutive
thermal sensitivity rankings of five strains (S1–S5) for in vitro and in

planta assessments. b Relationship between the in vitro growth rate
Topt and the in planta AUDPC Topt illustrated by a linear model (dashed
line) fitted to experimental data (points). c Full distribution (violin plot) of
in planta AUDPC Topt (mean ± SEM 16.0 ± 0.1 °C) and in vitro growth
rate Topt (mean ± SEM 20.3 ± 0.3 °C)
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Application 1: Capturing Thermal Phenotypic
Diversity Between Individuals and Within and
Between Populations

Classification and Description of Thermal Responses: Modes
of Variation and Thermotypes

The beta distribution was the preferred candidate model for
describing TPCs for in vitro growth rate as it provided the
most accurate and efficient description of the thermal response
of this trait (see ESM 2). Therefore, this model was used to
establish the mean TPC template and determine the degree to
which it varied between strains (see Fig. 6a). Interindividual
differences in TPCs were significant across all strains for the
parameters Pmax, Topt, and TPB80 (ANOVA, P < 0.05). Tmax

was largely conserved across Z. tritici strains, with a confined
value centred around 33.5 ± 0.7 °C. The minimum tempera-
ture values (Tmin) given by the equation were not considered
as they fell outside the range of experimental values (6.5–
33.5 °C). Four thermotypes were identified across popula-
tions: Th1 (‘adapted to warmer conditions’), Th2 (‘special-
ist’), Th3 (‘high performer’) and Th4 (‘generalist’) (see
Fig. 6b and Table 3).

Compactness, Separation and Connectivity of Thermotypes

All TPCs discriminated well between the four thermotypes
(classification conducted without assumptions and with all
retained PCA dimensions) except for two strains with a
negative or almost null silhouette width coefficient.
Thermotypes were well separated (distance between clus-
ter centres and between strains in different clusters), with
Th3 and Th4 less differentiated from each other. All
thermotypes displayed substantial within-cluster varia-
tions, which were larger for Th1 and Th2 (higher within-
cluster distance metrics) and particularly well structured
for Th3 (bimodal distribution of silhouette coefficients:
two distinct groups at about 0.55 and 0.25, respectively)
(see Fig. 6c).

Variation of TPCs Within and Between Populations

A similar diversity of thermal responses (similar means
and variances) was observed for Topt, Tmax and TPB80 be-
tween the six populations (ANOVA and Bartlett’s test: P >
0.05). The four thermotypes were represented in all popu-
lations except for Fp5, which was composed of Th1 and
Th2 only. With a higher proportion of Th1 (poor-
performance strains) and no Th3 (highly performant
strains) in its population, Fp5 had a lower Pmax (ANOVA
and Tukey HSD, P < 0.01) due to the difference in
thermotype composition compared with the other popula-
tions (see ESM 5d–e).

Application 2: Inferring Relative Fitness
at the Individual and Population Levels

No Competitive Advantage for Strains with Similar TPCs

The final proportion of IPO323* spores was not affected by
temperature in coculture with WT-IPO323 (ANOVA, P >
0.05), regardless of the initial ratio (see Fig. 7(i)). Furthermore,
no significant difference was found between the initial and final
proportions of each strain (ANOVA,P> 0.05). This suggests that
neither strain had a competitive advantage over the other.
Likewise, the final proportion of IPO323* spores did not vary
significantly over the temperature range in coculture with
FS0917 (ANOVA, P > 0.05). However, FS0917 slightly
outcompeted IPO323*, with final spore proportions of 57 and
43% (ANOVA, P = 0.02), respectively (see Fig. 7(ii)).

Expression of a Competitive Advantage Between Strains
with Different TPCs

The final proportion of IPO323* spores increased significant-
ly along the temperature axis (Kruskal-Wallis, P < 0.01) in
coculture with FS0678, FS0922 or FS1014, whose TPCs are
characterised by a lower Topt (19.2 ± 0.1 vs. 25.8 °C; see
Fig. 7a(iii)). The same trend (described by a second-order
polynomial equation) was observed for the three strains, indi-
cating that the TPC dissimilarity of each strain with the TPC
of IPO323* was responsible for the outcome of competition
(see Fig. 7b(iii)).

Discussion

Properties, Applications and Scaling-Up
of the Thermal Phenotyping Framework

The thermal phenotyping framework developed here satisfac-
torily overcomes the six common limitations of such phenotyp-
ing methods (see introduction). It is miniaturised (microtiter
plate method), standardised (balanced and homogeneous
growth conditions), accurate (more reliable spore quantifica-
tion, yielding a slight overestimate), robust (sound repeatability
and potential of comparison, if a reference strain is included in
the experimental design of sequential test series for subsequent
normalisation) and suitable for thermal phenotyping (no
skewed confounding effect related to shifts in the optical prop-
erties of spores and magnification of the Topt distribution com-
pared with in planta disease assessment). On this last point,
dimorphism and melanisation, both of which have been report-
ed to be temperature-dependent [25, 35], notably in Z. tritici
[16], could have affected OD measurements. Consequently,
they were taken into account in the definition of the validity
range of the method. Spore melanisation was not involved in
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Fig. 6 Assessment of the diversity of Z. tritici thermal responses
encountered within a set of six French populations (6 × 11 strains; Fp1 to
Fp6) collected along north-south and west-east transects. a Representative
meanTPCobtained for in vitro growth rate and variation of its characteristics
across strains (movement and shift in TPC position along the x- and y-axes).
The curve was obtained by fitting a beta distribution to the whole data set
(n = 66 strains). Interindividual variation around the average function is
displayed for four thermal parameters capturing TPC features: maximum
performance (Pmax), thermal optimum (Topt), maximum temperature (Tmax)
and 80% thermal performance breadth (TPB80). Dotted lines and rectangles
represent the lower and upper bounds of the standard deviation for each
parameter. b Representative TPCs (paragons for each cluster) for each
thermotype (Th1: ‘adapted to warmer conditions’, Th2: ‘specialist’, Th3

‘high performer’ and Th4 ‘generalist’) obtained by hierarchical clustering
on principal component (HCPC) analysis for the four thermal parameters
indicated above (see Table 3). c Clustering of thermal responses based on
Pmax, Topt, Tmax and TPB80. Factorial plan of the principal component
analysis (PCA), with dots representing strains and coloured according to
thermotype (HCPC cluster). The distance between each individual and the
centre of the corresponding cluster is indicated by a line. Cluster silhouette
plots (distribution of silhouette coefficient—SC—quantitative
measurements of how well each strain lies within its cluster—for each
individual of a given cluster) are also provided to illustrate and quantify
disparities within (compactness) and between (connectivity) thermotypes.
On these plots, the numbers in brackets refer to the proportion of the set of
66 strains corresponding to the thermotype concerned

Table 3 Characteristics and proportions of the four thermotypes identified
in HCPC analysis (French Z. tritici populations; n = 66 strains). Thermal
responses were clustered on the basis of the following four TPC
parameters: Pmax, Topt, Tmax and TPB80. Tmax does not appear in the table as
its value was largely conserved across Z. tritici strains (no variation between
clusters). Numbers in brackets indicate the value for the barycentre of each
thermotype (corresponding to an HCPC cluster; see Fig. 6b). Inter-cluster

variations are summarised as follows, based on a statistical comparison with
the overall mean of each parameter: ‘-’ no deviation; ‘↗’ higher value; ‘↘’
lower value; ‘↘↘’ even lower value. Italic text identifies the TPC parameter
characterising each thermotype most appropriately. The frequency of each
thermotype is provided across (overall proportion) and within (occurrence
within populations) the six sampled populations

Thermotype TPC parameters Overall proportion (%) Occurrence within
populations (ratio)

Pmax Topt TPB80

Th1 0.24 (↘) 22.0 (↗) 13.7 (-) 18.2 5/6

Th2 0.28 (-) 20.4 (-) 13.1 (↘) 31.8 5/6

Th3 0.32 (↗) 18.5 (↘↘) 13.7 (-) 24.2 6/6

Th4 0.28 (-) 19.8 (↘) 15.5 (↗) 25.8 6/6
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any confounding effect or interaction with temperature on
changes in OD. This seeming inconsistent result (absence of
interaction between melanisation and temperature) with those
presented in [16] likely stems from the substantial differences in
our methodological approaches since the use of liquid medium
and the particle counter allowed us to measure melanisation
directly at the spore level and not at the single-spore colony
level (inherent to the use of solid medium, with possible differ-
ential effects of the air-colony-medium interface on
melanisation). Regarding Z. tritici dimorphism, temperature
did not affect the proportion of hyphal growth forms, which
can be explained by the optimised culture conditions of our
framework (in particular consideration of the characteristics of
culture medium regarding nutrient deprivation rate and colony
ageing; see ESM 1), but shifts from the yeast-like to the hyphal
growth form might significantly affect OD at low temperatures
(i.e. around 9.5 °C - as was the case in our experimental con-
ditions - and probably below). This all the more supports our
decision not to include Tmin values in our analyses of thermal
responses given their low confidence levels.

This framework is a significant improvement over those
used in previous studies investigating thermal adaptation in
Z. tritici [10, 15, 16]. The use of a liquid medium makes
higher-throughput screening assays possible (further design
miniaturisation) and avoids the problems associated with
physical differences between plates (moisture content and sur-
face tension of solid medium), which can affect colony depo-
sition and distort growth measurements [10]. It also covers a
wide range of temperatures, with a finer-grained resolution,
providing a more complete picture of thermal responses,
which can be efficiently captured only by TPCs. In the case
of Z. tritici, the use of 12 temperatures rather than two
may overcome the problems associated with simple tests
of ‘thermal sensitivity’ based on two temperatures [10,
15, 16], in which it can be questionable to draw firm
conclusions given the non-linearity of thermal responses.
Indeed, depending on the position relative to Topt of the
two temperatures considered, slope comparisons could
lead to a misinterpretation of the results. Finally, growth
rate measurements were not segregated at one to three

Fig. 7 Impact of individual TPCs on the outcome of pairwise competition
between Z. tritici strains. a TPCs for in vitro growth rate for the five
strains used in pairwise cocultures with IPO323* (GFP-expressing
IPO323 transformant; Topt = 25.8 °C; grey dotted curve). The various
strains (black curves) paired with IPO323* have either (i) a matching
TPC and identical genetic background (wild-type WT-IPO323; Topt =
25.8 °C) or (ii) a matching TPC but different genetic background
(FS0917; Topt = 25.7 °C) or (iii) both a contrasting TPC and a different
genetic background (FS1: FS0678, FS2: FS0922, FS3: FS1014; Topt =
19.1, 19.2, 19.3 °C, respectively). b Competition outcomes expressed as

the final proportion of fluorescent spores (IPO323*), fP(*), obtained after
the separate exposure of each coculture to eight liquid culture medium
temperatures. Experimental data are presented as means (data points) ±
SEM (error bars). Dotted lines correspond to the trend line for change
along the temperature axis for each initial proportion of IPO323*, iP(*),
i.e. 25, 50 and 75%, when applicable. Different letters above data points
in Fig. 7b(iii) indicate significant differences in final spore proportions as
a function of temperature (Kruskal-Wallis test followed by post-hoc
pairwise comparisons, P < 0.05)
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single time points, but measured over four days to take
time-dependent effects into account when reporting max-
imum growth rates inferred over the kinetics.

This framework can be applied to the study of other
microorganisms whose spores grow exclusively through
cell division (e.g. yeasts and yeast-like microorganisms
in general), by following the step-by-step directions pre-
sented here: tailoring of the framework to the target mi-
croorganism (preliminary growth monitoring experiments
to define the optimal growth conditions, the experimental
time frame and the range and resolution of thermal con-
ditions; see ESM 1), method validation (verification of
accuracy, repeatability, reproducibility and suitability;
see stage II) and a thorough assessment of the information
obtained (cross-comparisons between the thermal re-
sponses of other fitness traits studied in the natural envi-
ronment of the microorganism; see stage III).

Capturing Plasticity in Z. tritici Thermal Responses
in Individuals and in Populations

Phenotypic Variation in Thermal Responses Within and
Between French Populations

In this study, we quantified the intraspecific phenotypic
variability of thermal responses within populations of a
fungal pathogen with a high level of genetic and pheno-
typic diversity [36, 37]. Significant variation in TPCs be-
tween individuals was reported across strains from all six
French Z. tritici populations sampled. TPCs were classi-
fied into four thermotypes, each of which distinguished a
particular category of thermal responses with its own in-
trinsic features (e.g. generalist or specialist thermotypes)
and differentiation (e.g. compactness and separation from
other thermotypes on the basis of cluster distance metrics).
This categorisation is a promising way to summarise di-
versity at different levels (individual, population, species).
It should be noted that this constitutes not an absolute but
a relative classification varying with the populations
which are sampled. Given the differences in interindivid-
ual variation within thermotypes (e.g. scattered distribu-
tion for Th2 vs. bimodal distribution for Th3), thermal
response diversity should be considered not only between,
but also within thermotypes. This is of particular impor-
tance as the phenotypic composition of groups can drive
the adaptation of a population to its environment through
eco-evolutionary processes [38].

Spatial Structure of Thermal Responses in French Populations

No spatial phenotypic structure of thermal responses was de-
tected between the six French Z. tritici populations, although
one population displayed a considerably lower level of thermal

response diversity (only two of the four identified thermotypes
present). These populations were not sampled over the same
time period during the growing season (at the end of winter for
Fp5 and Fp6 and at the end of spring for Fp1, Fp2, Fp3 and
Fp4). Since we are analysing a potentially blurred picture with
seasonal variations as a confounding factor, it is not possible to
conclude that there is absolutely no pattern of thermal adapta-
tion in France. Indeed, diversity in the thermal responses of
Z. tritici at the population level may emerge not only at a
worldwide scale (significant differences in sensitivity to tem-
perature linked to genetic differentiation [10]), but also locally
(selection pressure exerted by seasonal changes [15]).
Consequently, future investigations of phenotypic diversity in
Z. tritici populations and its potential structuration by thermal
environments should involve careful consideration of the most
appropriate sampling strategy [39] along spatial and temporal
gradients because the traits studied here are labile. The popula-
tions sampled over a same period namely winter (extreme
points of the west-east increasing gradient of annual tempera-
ture range) and spring (north-south increasing gradient of mean
annual temperature) populations can be analysed separately.
Interestingly, the Fp5 population, which displays the lowest
richness level of diversity in thermal responses (only two
thermotypes), was devoid of the generalist thermotype com-
pared to the Fp6 population in which we detected both the
specialist and the generalist thermotypes. Fp5 is characterised
by a marked distinction in the annual range of its ther-
mal environment as its range was the lowest among all
sampling locations especially when compared with Fp6
(11.9 vs. 19.9 °C, respectively, whilst they share the
same annual thermal mean). This finding is consistent
with the assumption that more variable environments
favour thermal generalists [3]. Despite the difference in
mean annual temperature along the north-south gradient,
the same level of thermal response diversity and, in
particular, a similar proportion of ‘warm-adapted’ strains
were found in Fp1, Fp2, Fp3 and Fp4. This deviates
from the assumption that there is a shift in the optimal
range of thermal responses in relation to the mean tem-
perature encountered within an environment. This high
local diversity but non-geographically based population
structure along the north-south gradient may be ex-
plained by the high gene flow among Z. tritici popula-
tions at large spatial scales due to the long-distance
wind-dispersal of ascospores [36].

Differential Effects of Leaf Temperature on Aggressiveness
Traits

Leaf temperature effects on three fitness traits expressed in
planta were studied through the establishment of TPCs, as
described in a previous study focusing on latent period [4].
The knowledge of the range and distribution of TPC
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parameters acquired here for 18 Z. tritici strains could be in-
corporated into epidemiological models to investigate how
and to what extent pathogen development and epidemic dy-
namics are affected by variations of temperature and the di-
versity of responses between individuals within a population
(not accounted for in current models, despite the demonstra-
tion of a significant impact in epidemic forecasting [40]). A
comprehensive multitrait approach is particularly important
because (i) selection pressure does not necessarily operate
on the same traits over the course of an epidemic [15]; and
(ii) strains can be regarded as patchworks of traits [41] with
different levels of phenotypic plasticity that can be reliably
estimated from the differences in TPC shape.

Ranking Consistency of Thermal Responses Between In Vitro
and In Planta Assessments

Interestingly, the thermal optima for growth rate (in vitro) and
AUDPC (in planta) were found to be strongly related. In
particular, thermal sensitivity rankings were highly consistent
whether estimated in vitro or in planta, but with an important
shift in the thermal optimum and its distribution breadth. It is
likely that this observed shift (4.3 °C higher for the in vitro
growth rate optimum) results from the difference in the nutri-
tional environment and in Z. tritici growth forms between
in vitro culture (predominantly yeast-like growth) and in
planta leaf medium (hyphal growth, from epiphytic growth
on the leaf surface to the intercellular growth within plant
tissues [26]) and/or from an effect of temperature on the
host–pathogen interaction. This ranking consistency between
in vitro and in planta assessments is in line with other findings
[42, 43] and suggests some sort of interdependence between
phenotypic traits in individual thermal responses, consistent
with the concept of phenotypic integration [27]. This also
constitutes an ultimate step of methodological validation con-
siderably expanding the scope of the experimental framework
by confirming its biological relevance, even though the results
are acquired in vitro. Additionally, this finding has important
implications as it suggests that relative ranking of thermal
responses between strains might be sufficient to draw conclu-
sions on the thermal adaptation of groups and populations
based on rank-based analyses of variance. However, it should
be underlined that studies aiming to assess and to project per-
formance in response to changes in temperature continue to
require inference from the full TPC (position, curvature and
skew of the curve along the temperature axis).

Inferring from TPCs the Relative Performance
of Strains in a Thermal Environment

How well can overall performance and competitive advantage
be predicted from TPCs? An extension of the thermal pheno-
typing framework (see application 2) makes it possible to

explore this question by inferring the performance of a given
Z. tritici strain within a group in a given thermal environment.
We showed that the significance of these findings and the con-
fidence that can be placed in them depend strongly on the prop-
erties of the experimental methods used (accuracy, repeatability,
reproducibility, suitability of phenotyping assessment) and the
correct integration of thermal biology and microbial ecology
concepts. In our experiments, the relative proportions of the
strains in pairwise cocultures of strains with similar TPCs were
not affected by temperature regardless of genetic background.
By contrast, pairwise cocultures of strains with dissimilar TPCs
resulted in temperature-dependent outcomes with an increase in
the proportion of the warm-adapted strains along the tempera-
ture axis. An expansion of this in vitro experiment with addi-
tional competition conditions (e.g. starting from different initial
conditions and/or with more thermotypes in competition) would
improve our understanding of the response of microbial popu-
lations to natural thermal variations. By extending the condi-
tions (in planta) and the epidemiological framework (e.g. poly-
cyclic dynamics) of the experiment, we could also try to im-
prove characterisation of the thermal signal filter (time step and
rate of the foliar fungal pathogen response to the environment
[8]) and the speed of natural selection in constant or fluctuating
thermal environments [44].

Framework Versatility: Applications for Future
Research

This integrated framework from experimental design to data
interpretation allows detailed phenotyping of the thermal re-
sponses of microorganisms. Through the quantification of inter-
individual phenotypic variation, it opens up new possibilities for
exploring not only the diversity of thermal responses and its
structuration (e.g. by highlighting patterns of local adaptation
in natural populations [45]) but also its causes and consequences.

Indeed, this framework could help to provide deeper in-
sight into the genetic basis of adaptation to temperature, by
moving from phenotype to genotype (quantitative trait loci
mapping or genome-wide association study of contrasting
phenotypic profiles, e.g. thermotypes) to identify genes in-
volved in thermal adaptation (association of SNPs with given
performance traits) [46] or from genotype to phenotype (phe-
notyping of specific temperature-sensitive allelic variants or
mutant lines) to facilitate the functional annotation of ge-
nomes [47].

This framework can also be used to explore the conse-
quences of phenotypic variation between individuals, through
the use of TPCs to infer individual performance in a given
population and thermal environment (see application 2) and
to predict changes in population composition in response to
thermal changes [48], drawing on mark-release-recapture
[49], selection [50] or modelling [51] experiments.
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Concluding Remarks

By directly addressing the technical and analytical challenges in
quantifying and describing thermal responses, this study pro-
vides a new methodology for inferring and categorising such
responses in the case of yeasts and yeast-like microorganisms.
As such, the proposed framework can assist in shedding more
light on the phenotypic heterogeneity of thermal responses be-
tween individuals, populations, species and communities of
these microorganisms, but also on the ways in which they in-
teract with their natural or engineered environment. Among
other applications, it can be used extensively to understand,
predict and control the design, optimisation and conduct of food
(e.g. strain selection), biomedical (e.g. product stabilisation),
industrial (e.g. anaerobic digestion process for the production
of biomethane), epidemiological (e.g. pathogen growth and ep-
idemic development) and ecological processes (e.g. population
dynamics in response to thermal variations).
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