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Longer heatwaves disrupt bacterial communities by
decoupling resistance from recovery

Abstract1 1

Periodic heatwaves are increasing in duration, yet their ecological impacts on communi-2 2

ties remain poorly understood. We experimentally tested how synthetic communities of soil3 3

Pseudomonas species respond to heatwaves of increasing duration. We used a resistance-4 4

recovery framework and growth rate-heat tolerance trade-offs to predict whether prolonged5 5

stress erodes community stability. Communities composed of species with different growth6 6

rates were exposed to single heat pulses lasting 6, 12, 24, or 48 hours. Although we expected7 7

the fastest-growing and most heat-tolerant species, P. putida, to dominate, a species with mod-8 8

erate growth and heat tolerance, P. protegens, consistently prevailed. This outcome was likely9 9

driven by diffusible toxins and unexpectedly high heat tolerance linked to density-dependent10 10

growth. On average, each additional hour of heat exposure increased community extinction11 11

risk by 21.5%, with faster-growing communities exhibiting lower risks. The longest heat pulse12 12

caused sharp declines in diversity and productivity, leading to greater decoupling between13 13

resistance and recovery as well as reduced overall stability. These findings demonstrate that14 14

growth rate and species interactions — not heat resistance alone — determine community fate15 15

during and after heat stress. Our results highlight the need to incorporate nonlinear dynamics16 16

and trait-based interactions when predicting microbial responses to climate extremes.17 17

1 Introduction18 18

Climate change is driving more frequent, intense, and prolonged heatwaves [1]. These extreme19 19

events threaten biodiversity by increasing species extinctions, destabilizing communities, and dis-20 20

rupting ecosystem functioning [2, 3]. Yet, little is known about the ecological mechanisms that21 21

can destabilize communities during prolonged heatwaves. Understanding how heatwave duration22 22

influences community dynamics is crucial for predicting these impacts. Moreover, identifying the23 23

mechanisms that determine community stability under such conditions can help predict which24 24

species are likely to persist or decline during climate extremes [4]. Here, using soil bacterial25 25

communities, we test the roles of growth rates and species interactions in predicting community26 26

stability under prolonged heatwaves.27 27

Trait-based ecological approaches provide a promising way to understand the mechanisms of28 28

community stability and predict community responses to heatwaves [5]. For instance, a commu-29 29

nity’s stability to various types of perturbation may ultimately depend on the life history strategies30 30

of its component species [6]. Life history strategies are defined by the magnitude and co-variation31 31

of vital rates such as growth rate, stress resistance, and competitiveness. Slow-growing species32 32

are typically excluded by fast-growing species unless there is a trade-off between growth rate and33 33

competitiveness [6, 7]. In this case, slow-growing competitive species can exclude others by pro-34 34

moting their own growth, limiting others, and/or resisting environmental stress. For example,35 35

plants with a slow life history strategy often exhibit slow growth, high resistance to stress, and36 36

competitiveness in acquiring resources [8], which we here refer to as the growth rate-resistance37 37

trade-off. Testing the generality of this trade-off across diverse taxa is critical for understanding38 38

how life history strategies scale up to influence community stability [9, 10]. Soil bacteria, among39 39

the most diverse groups in the biosphere [11], offer a powerful system for evaluating the role of40 40

growth rate–resistance trade-offs in shaping community responses to prolonged heatwaves.41 41

Soil bacterial communities control the recycling of up to 50–80% of soil organic matter, which is42 42

the Earth’s largest actively cycling reservoir of carbon [12]. These communities influence whether43 43

soils act as net sinks or sources of greenhouse gases [13]. Therefore understanding the mechanisms44 44

of soil bacterial community stability under prolonged heatwaves is crucial for improved climate45 45

change predictions. Similar to plants, bacteria are thought to exhibit a growth rate-resistance46 46

trade-off, with slow-growing species faring better in extreme environments [14]. However, elevated47 47

temperature is a complex stressor [15] and few studies have identified bacterial functional traits48 48

that are relevant for community stability during heat [16]. Growth rate and competitiveness tend49 49

to be negatively correlated in bacteria, leading to the prevalence of fast-growing species at cooler50 50
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temperatures (4–20◦C) and slow-growing species at warmer ones (25–30◦C). Few studies have51 51

investigated how these communities change during and after a prolonged heat pulse (> 30◦C).52 52

In the laboratory, community stability [17] can be assayed experimentally by decomposing53 53

it into two phases: the immediate response to a stress event such as a heat pulse (resistance)54 54

and the response after the event subsides (recovery). A community’s stability is estimated by55 55

measuring the extent of its response during the resistance and recovery phases as compared to an56 56

undisturbed control [18, 19]. Stable communities are expected to have a positive correlation, or57 57

coupling, between resistance and recovery [20, 21]. Coupling indicates that a community’s short-58 58

term response can predict its long-term outcome [22–24]. In contrast, decoupling — a significant59 59

difference between resistance and recovery responses — indicates less predictability and suggests60 60

more complex dynamics, such as ecological trade-offs [3]. For example, increased decoupling of61 61

productivity in response to longer heat pulse duration was found in soil animals, where high62 62

survival investment during the resistance phase resulted in a trade-off with low fecundity during63 63

the recovery phase [25]. At the single-cell level, resistance reflects the extent to which a cell’s64 64

growth rate declines under stress, whereas recovery reflects the time needed to regain maximum65 65

growth after stress release, potentially revealing trade-offs between immediate stress tolerance and66 66

post-stress regrowth. Such trade-offs at the cellular level could scale up to influence how entire67 67

communities resist, recover, or decouple under prolonged heatwaves. Species richness is another68 68

ecological mechanism that impacts decoupling because diverse communities tend to have smaller69 69

total productivity responses during both resistance and recovery [26]. Assaying the presence and70 70

magnitude of decoupling using a resistance-recovery experimental framework can therefore link the71 71

short-term dynamics of bacterial communities to their long-term outcomes.72 72

Here, we conducted two interconnected experiments to test whether species-specific thermal73 73

performance traits could predict community responses during and after heat pulses of different74 74

duration. The first (Experiment I) measured bacterial thermal performance traits to inform the75 75

second experiment (Experiment II), which used a resistance-recovery framework to quantitatively76 76

assess the role of biotic interactions under varying heat pulse durations. In Experiment I, we77 77

selected 16 strains from six species of soil bacteria from the genus Pseudomonas and quantified78 78

their growth traits at four temperatures (25, 30, 35, and 40◦C). We hypothesized that bacterial79 79

species would exhibit a growth rate-resistance trade-off, but we did not observe this. Although we80 80

could assign bacterial species to growth rate categories, the fastest growing species P. putida, was81 81

also the most heat resistant. Given this result, we designed Experiment II with four species across82 82

a gradient from fast to slow that retain the same rank order during heat (i.e., no trade-off between83 83

growth rate and heat resistance). The communities were inoculated at equal starting ratios in84 84

all 15 possible species combinations (i.e., singletons, pairs, triplets, and quadruplet), exposed to85 85

a single heat pulse of variable duration (6, 12, 24, or 48 hours (hrs)), then allowed to recover for86 86

a fixed two-day duration. We hypothesized that the fastest growing species (P. putida) would87 87

dominate the communities exposed to the longer heat pulses, as it is also the most heat resistant.88 88

For all communities, we hypothesized that intrinsic growth rate and resistance to extreme heat,89 89

as measured from monocultures in Experiment I, would predict the composition and productivity90 90

of co-culture communities in Experiment II, with this effect becoming stronger with longer heat91 91

pulse duration.92 92

2 Materials and methods93 93

2.1 Medium and bacterial strains94 94

LB broth (Lennox formulation) from Carl Roth was used throughout.95 95

16 soil Pseudomonas strains from six species were used (Table S1) [27–31]. Samples were96 96

colony-PCR amplified, Sanger sequenced for 16S rRNA 27F/907R (corresponding to subregions97 97

V1-V5), and identified to the nearest species by BLASTN.98 98

The four focal genotypes of Experiment II have constitutive expression of chromosomally in-99 99

tegrated fluorescent proteins and were all built using an established gene delivery vector [32].100 100

Fluorescent proteins were integrated onto the P. putida F1 (BSC001; sYFP), P. protegens Pf5101 101

(CK101; mTurquoise2), and P. veronii (BSC005; mScarlet) backgrounds in previous studies; the102 102
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sGFP2 fluorescent genotype of P. grimontii (BSC028) [28] was built for this experiment using the103 103

Tn7 transposon delivery plasmid [32] (Table S1).104 104

2.2 Experiment I105 105

2.2.1 Thermal performance traits106 106

For each strain, the probability of growth under heat stress was estimated by colony forming107 107

units (CFUs). Intrinsic growth rates and the intraspecific density dependence of growth rate were108 108

estimated using time-to-detection growth curves [33]. The time-to-detection approach allows esti-109 109

mation of density-independent (i.e., intrinsic) growth rates despite the high threshold of detection110 110

of the microplate reader [34].111 111

The time-to-detection protocol was modified for high throughput by snap freezing the inocula112 112

into single-use ‘shots’, either at the stationary or early exponential phase. Bacteria were streaked113 113

on LB agar, incubated overnight at 28◦C, and single colonies were inoculated into liquid LB with114 114

225 rpm shaking. For stationary phase inocula, 3.0 mL of media was incubated for 24 hrs, yielding115 115

an optical absorbance at 600 nm (OD600) > 3. Then, cultures were resuspended to OD600 = 0.25116 116

into their own filter-sterilized spent media with 10% glycerol. For early exponential phase inocula,117 117

55 mL of media was incubated to an OD600 between 0.01–0.05 (∼ 4–7 hrs) and then resuspended118 118

into fresh media with glycerol as above. 100µL inocula were put in PCR strip-tubes and snap-119 119

frozen on dry ice. These single-use inoculum shots were stored at −79◦C and used within 2 months.120 120

Thawed inocula were diluted into liquid LB to create a six-step, 10-fold dilution series (10−1 to121 121

10−6) for CFUs and growth curves.122 122

CFUs were incubated at three temperatures (28◦C, 35◦C, and 40◦C) using the 6x6 drop plate123 123

method [35], with three replicates for each inocula culture phase. Plates were incubated until124 124

colonies could be counted by eye (at least overnight) or failed to show discernible growth (at most125 125

7 days).126 126

Growth curves were measured at four temperatures (25◦C, 30◦C, 35◦C, and 40◦C) using 200µL127 127

cultures in 96-well microplates covered with a Breathe-Easy sealing membrane on Agilent BioTek128 128

Epoch 2 or Synergy H1 microplate readers with continuous double-orbital shaking at 807 cpm (1129 129

mm) and a vertical heat gradient of 1◦C to prevent condensation. OD600 was measured every130 130

10 min [36] until cultures reached carrying capacity (at least 42 hrs) or failed to show discernible131 131

growth (at most 60 hrs). Replicate dilution series were done on three different days for each culture132 132

phase, randomizing the incubator and microplate well location.133 133

2.3 Experiment II134 134

2.3.1 Communities’ resistance and recovery from extreme heat135 135

As illustrated in Figure 1, bacterial communities were grown in a serial-transfer, batch culture136 136

system. Monocultures were inoculated from single colonies into 10mL of liquid media (Day -1)137 137

and incubated overnight as described above. The next morning (Day 0), monoculture absolute138 138

densities were measured in triplicate by flow cytometry. After adjusting the monoculture densities139 139

to an equal value, the four species were combined at equal ratios into all 15 possible communities140 140

(n=5) and an estimated 103 total cells were inoculated into 125µL of media. The 15 communities141 141

were arranged in 5 blocks throughout the 96-well microplate (Figure S1) to randomize any edge142 142

effects [37]. The microplate was covered with parafilm and a lid to prevent differential evaporation143 143

at 40◦C. Microplates were incubated in Agilent Epoch 2 or Synergy H1 readers with continuous144 144

double-orbital shaking at 205 cpm (5 mm) for a day (22–23 hrs) and OD600 was acquired regularly.145 145

Each day (Days 1–5), 5% of the culture was transferred to fresh medium and the remainder was146 146

used to estimate species abundances by flow cytometry.147 147

2.3.2 Estimating species abundances by flow cytometry & identifying community148 148

extinctions149 149

Cell counts were recorded using an Invitrogen Attune CytPix flow cytometer with blue/violet/yellow150 150

lasers, NxT Fluorescent Protein Filter Kit, NxT Small Particle Side-Scatter Filter, and CytKick151 151
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Figure 1: Design of resistance and recovery experiment with variable heat pulse
duration. Overnight monocultures of four species (Table S1) constitutively expressing sYFP,
mTourquoise2, sGFP2, and mScarlet fluorescent proteins (flasks at left) were inoculated at equal
ratios in all 15 combinations of communities (coloured circles) into a 96-well microplate. Batch
cultures were measured for their species abundances by flow cytometry and transferred daily (ar-
rows). Starting from the end of Day 1, the cultures were exposed to a single 40◦C heat pulse of
variable duration (6, 12, 24, or 48 hrs; highlighted in red) then allowed to recover for two days.
Measurements near the end of or just after the heat pulse are referred to as ‘resistance’ time points
(bold pink arrow), while those from the first or second day post-heat are called early or late re-
covery (purple-blue and turquoise arrows), respectively. Treatments are always compared with the
no-heat control on the same day of serial transfer. Figure made with BioRender.

autosampler. Cultures were diluted in 7.52 mM tetrasodium pyrophosphate at pH 7.5 to a concen-152 152

tration of 10−3x for overnight monocultures (Day 0) or 10−2x for all other measurements. Cells153 153

were separated from debris using a rectangular gate in side-scatter area and forward-scatter area154 154

(Figure S2A). Up to 104 events in the bacterial cells gate were sampled from ≤ 146µL of diluted155 155

cultures at 25µL/min.156 156

Cell counts and well volumes were extracted from the flow cytometry data using FCS Express157 157

(version 7.22.0006) and the Attune Cytometric Software (version 6.1.1), respectively, to estimate158 158

event densities. Events from the cells gate were classified into four fluorophore-specific subsets (Fig-159 159

ure S2B-E) using four sets of three nested polygonal gates in the fluorescent channel heights (these160 160

gates were also used to exclude doublets). As each species expresses a unique fluorophore, this161 161

allowed us to estimate species-specific cell counts. Absolute species abundances were estimated by162 162

dividing the flow cytometry cell counts by the acquired well volume. Flow cytometry raw data and163 163

estimation of cell counts can be found at these anonymous review links: https://figshare.com/s/164 164

d81c927071951ba776e7, https://figshare.com/s/4fbdd4550e7a16752044, https://figshare.165 165

com/s/183d7cb990b1e2ab76a8, https://figshare.com/s/cb37922b5ebabc628642, and https:166 166

//figshare.com/s/fd044109578f5c582c81.167 167

The threshold of detection of the flow cytometer is operationally defined as 50 events in the168 168

bacterial cell gate, which is more than twice the maximum number of events that we recorded for169 169

a true blank.170 170

The serial-transfer OD600 growth data was used to estimate the rate of contamination and171 171

to verify extinction events. Contamination was inferred to have occurred in well blanks whose172 172
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baseline-subtracted OD600 surpassed the maximum value observed for a true blank (Figure S3A).173 173

Extinction was inferred to have occurred for community replicates where the baseline-subtracted174 174

OD600 on the last day of recovery never surpassed the maximum value for uncontaminated well175 175

blanks (Figure S3B). Extinction events corresponded with flow cytometer cell counts below the176 176

threshold of detection.177 177

2.3.3 Assaying diffusible species interactions178 178

P. protegens, P. putida, P. grimontii, and P. veronii (hereafter the focal species) were grown in179 179

co-cultures with P. protegens in 25 mL flasks for 24 hours at 220 rpm and 30◦C. These cultures180 180

were centrifuged at 10 000 g for five minutes, the supernatant was removed, filtered twice using181 181

a 0.22 µm PES filter, and plated on agar plates to verify the absence of live bacteria. This182 182

supernatant was mixed with fresh media and aliquoted to 96-well microplates so that each focal183 183

species could be subjected to 90%, 80%, 70%, 60%, 50%, 40%, 30%, 20%, 10% , 5%, and 0% of each184 184

supernatant. The OD600 of each population was measured over 12 hrs with a BioTek plate reader.185 185

The final versus initial OD600 values were compared to determine the effect of diffusible secondary186 186

metabolites produced by P. protegens on focal species’ growth. The inhibitory concentration,187 187

defined as the concentration that reduces the population size by 50% (IC50), was estimated for188 188

each focal species by nonlinear least squares fitting using the nlsLM function (minpack.lm [38])189 189

initialized in R with a Hill curve function.190 190

2.4 Statistical analyses191 191

All statistical analyses were performed in R (version 4.4.2 [39]). The data and code for the analysis192 192

of both experiments (except flow cytometry raw data and estimation of cell counts) is provided at193 193

this anonymous GitHub link: https://anonymous.4open.science/r/Xtreme_heat-358A/.194 194

For Experiment I, the growth rates were estimated from the interpolated baseline-subtracted195 195

optical absorbance data in the mid-exponential phase (time-to-detection threshold OD600 = 0.05),196 196

the estimated inoculum size from CFUs, and calibration curves for each microplate reader [40].197 197

Intraspecific density dependence was estimated as per-capita derivatives from gcplyr (version 1.10.0198 198

[41]). To test for a correlation between the growth rates at ambient temperatures (25◦C or 30◦C)199 199

with the species’ growth traits (intrinsic growth rate or probability of growth by CFU) at extreme200 200

heat (40◦C), we used both a parametric approach with linear mixed models as well as a non-201 201

parametric approach with the species rankings.202 202

For Experiment II, species abundances were analyzed at three key time points (Figure 1): ‘resis-203 203

tance’ (last day of the heat pulse), ‘early recovery’ (first day post-heat), and ‘late recovery’ (second204 204

day post-heat). Ordination analysis by non-metric multidimensional scaling (NMDS; vegan, ver-205 205

sion 2.6.8 [42]) was performed to summarize the overall effect of heat duration over time across the206 206

different communities. For no-heat control communities, measurements were used from Days 1, 3,207 207

and 5. As each community contained only one to four species, species abundances at the three208 208

time points were treated as variables (i.e., columns) and each replicate was treated as a unique209 209

observation (i.e., rows) in the abundance matrix. Distances were calculated using the Bray-Curtis210 210

dissimilarity. Heat pulse duration was fitted as an environmental vector onto the ordination using211 211

the envfit function (vegan).212 212

Effect sizes on Shannon diversity and total productivity as compared to no-heat control were213 213

estimated in Experiment II by fitting separate generalized linear models (GLMs) for each heat214 214

duration treatment and its corresponding control on the same experiment day. For each heat215 215

duration, diversity and productivity during resistance, early recovery, and late recovery were com-216 216

pared to the corresponding control data from the same experiment day (e.g., days 1–3 for 6 hrs,217 217

days 3–6 for 48 hrs heat pulse; Figure 1). The full data was rescaled by its standard deviation,218 218

fitted to GLM families with different link functions (glmmTMB, version 1.1.11, [43]) that were219 219

compared by simulating their residuals (DHARMa, version 0.4.7, [44]), and the best fitting family220 220

of distributions was chosen. A lognormal or Poisson family of distributions was chosen when di-221 221

versity or productivity, respectively, were used as response variables. As our data contained zero222 222

values, but the lognormal distribution does not allow zero values, we transformed the diversity223 223

data by adding a small value to all our data points (ϵ = smallest non-zero value
100 ). Then, the224 224
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data was divided into four subsets for each heat duration with its corresponding no-heat control at225 225

the appropriate time points, checked for predictor multicollinearity (performance, version 0.12.4,226 226

[45]), and fitted to different models. The overall best model was selected by averaging the values227 227

of the Akaike and Bayesian information criteria (AIC and BIC, respectively) across the four data228 228

subsets. The base model had an interaction between Heat * Treatment Day. The inoculated com-229 229

munity richness was included in the base model when the response variable was diversity and it230 230

was included in the alternative models when the response variable was productivity. Alternative231 231

models had combinations of three additional predictors: the presence of the heat resistant species232 232

P. putida, the presence of the strong competitor species P. protegens, and the expected commu-233 233

nity growth rate. The expected growth rate was estimated for each community by averaging the234 234

intrinsic growth rates of the species inoculated in that community. Effect sizes were estimated as235 235

compared to the no-heat control (effsize, version 0.8.1, [46]), then the estimated marginal means236 236

(emmeans, version 1.10.5, [47]) were used to summarize the overall effect of heat duration on resis-237 237

tance, early recovery, and late recovery days. For numeric non-focal predictors, this was done by238 238

using their mean values. For categorical non-focal predictors, this was done by marginalizing over239 239

the predictor levels. Finally, pairwise t-tests with a Bonferroni-correction (α = 10−3) were used to240 240

compare different heat duration treatments.241 241

3 Results242 242

3.1 Experiment I243 243

3.1.1 Congeneric species exhibit consistent growth rate rankings across temperatures244 244

We quantified the growth rate of six soil Pseudomonas species (in total 16 genotypes, listed in Table245 245

S1) at four temperatures, with cultures inoculated either from early exponential phase (Figure 2A)246 246

or stationary phase (Figure S4). The rank order of the species median growth rates was weakly247 247

positively correlated across temperatures (Kendall’s coefficient of concordance, Wt=0.75, X 2=11.2,248 248

df=5, p¡0.05). Except for two, most species had a consistent ranking across different temperatures.249 249

3.1.2 Growth rates are not correlated with extreme heat resistance250 250

To determine which of the two elevated temperatures (35◦C or 40◦C) constitutes a heat extreme,251 251

we assessed whether the net growth rate was substantially reduced across all species, indicating252 252

conditions severe enough to prevent cell proliferation or even induce cell mortality. Using a two-253 253

sided Wilcoxon signed rank test, we found that CFUs at 40◦C were consistently lower than those254 254

at 35◦C (V=4.16·103, p< 10−10), regardless of the species or growth phase of the inoculum. Figure255 255

2B shows the CFU of cultures incubated at high temperatures relative to their CFU at the average256 256

temperature these bacteria are usually cultured at in the lab (28◦C) for early exponential phase257 257

inocula (see Figure S5 for stationary phase inocula). Most species exhibited no growth at 40◦C258 258

(Figure 2B). Across all species and inocula, the relative fraction of CFUs directly predicted the259 259

fraction of batch cultures with binary presence or absence of growth (all temperatures: β = 0.81,260 260

p< 10−10; 40◦C: β = 0.88, p< 10−10), resulting in consistent growth estimates between the261 261

batch culture data from liquid media and the CFU data from solid media (linear regression, 30◦C:262 262

R2 = 0.84, F(1, 94)=508, p< 10−10; 40◦C: R2 = 0.80, F(1, 30)=126, p< 10−10). A paired samples263 263

t-test also showed that the intrinsic growth rates were significantly lower at 40◦C than at 35◦C264 264

for the batch culture data (t(31)=11.5, p< 10−10). Therefore, we conclude that 40◦C can be265 265

considered sufficiently hot to be an extreme heat temperature that consistently impairs the growth266 266

of soil bacteria in our experiment.267 267

Finally, we tested the hypothesis for Experiment I that slow growers are more resistant to268 268

extreme heat. For all analyses, we failed to reject the null hypothesis of no correlation between a269 269

species’ growth rate at ambient temperatures and its ability to resist extreme heat (Tables S2-S4).270 270

There was no support for a growth rate-resistance trade-off.271 271
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Figure 2: Net growth rate as a function of temperature (i.e., thermal performance
curves) for six bacterial species, in liquid and solid media. A) Batch-culture intrinsic
net growth rates (points) ± bootstrapped 95% confidence intervals (error bars) are shown for
each strain inoculated from early exponential phase. Temperatures without consistent growth
after 48hrs are shown as skulls. Lines connect species averages, with solid lines indicating species
with consistent rank across temperatures (used in Experiment II) and dashed lines indicating
species that change rank across temperatures. B) CFUs at stress temperature as a fraction of
CFUs at 28◦C (dots) ± bootstrapped 95% confidence intervals (error bars) are shown for each
strain inoculated from early exponential phase. Temperatures without any growth after 7 days are
shown as skulls.

3.2 Experiment II272 272

For Experiment II, we selected four species (solid lines in Figure 2A) whose rank order is con-273 273

served across temperatures (Wt=0.90, X 2=8.08, df=3, p¡0.05). Given that we observed no growth274 274

rate-resistance trade-off in Experiment I, we hypothesized that a conserved rank order across tem-275 275

peratures would lead to more predictable community responses (i.e., because the faster growing276 276

species are also more heat resistant and vice versa).277 277

3.2.1 P. protegens is a strong competitor that dominates all the communities where278 278

it was inoculated279 279

The second fastest-growing species, P. protegens, dominated all communities in which it was inoc-280 280

ulated irrespective of heat treatment. This pattern is evident in the ordination plot (Figure 3A),281 281

which illustrates community trajectories over time across the resistance, early recovery, and late282 282

recovery periods (see Key Time Points in Figure 1). An NMDS with three dimensions was found to283 283

summarize much of the variation in the data (stress=0.0565; Figure S8). The ordination revealed284 284

a clear separation between communities containing P. protegens and those without P. protegens.285 285

NMDS clusters indicate a significant interaction between the presence of P. protegens and heat286 286

pulse duration, as confirmed by non-parametric bootstrapping (ANOSIM, R statistic = 0.621, p ¡287 287

0.001).288 288

All multi-species communities inoculated with P. protegens lost their species richness within289 289

one day, regardless of heat (Figure 3B). The multi-species communities that were not inoculated290 290

with P. protegens managed to maintain at least some of their species richness over time. However,291 291

for these communities, species richness was lost as heat pulse duration increased.292 292

We found that supernatant from P. protegens co-cultures has a strong inhibitory effect not293 293

seen in monoculture supernatant (Figure S9). Supernatant experiments show that P. protegens294 294

has inducible expression of diffusible metabolites at 30◦C that effectively inhibit the growth of the295 295

other species (Figure 3C).296 296

3.2.2 Fast growing communities are protected from extinction297 297

The NMDS ordination (Figure 3A) also reveals a trend of longer heat pulse durations generally298 298

shifting community positions downward, with the exception of the longest heat pulse duration (48299 299

hrs). This environmental gradient is not statistically significant when the 48 hr heat pulse duration300 300
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Figure 3: P. protegens dominates all communities where it was inoculated because it is
an effective killer. A) Ordination plot of NMDS axes 1 versus 2 (top) and axes 1 versus 3 (bot-
tom) shows that the presence (triangles and dashed-line ellipses) or absence (circles and solid-line
ellipses) of P. protegens explains much of the variation in the data. The remaining variation in the
data is explained by increasing heat pulse duration (warmer colours). The points show the different
communities over time and the ellipses show the standard error of the (weighted) average of scores.
B) Communities without P. protegens (top row) and with a short duration (or no)
heat pulse (left columns) maintain more of their inoculated community richness than
communities with P. protegens (bottom row) or with a long duration heat pulse (right columns).
Points show the first-order Hill diversity index, which approximates the species richness while al-
lowing for flow cytometry noise. The red background colour indicates days when the 40◦C heat
pulse was administered. C) P. protegens expresses diffusible metabolites that effectively
inhibit the growth of other bacterial species. The presence of increasing supernatant con-
centration (x-axis) from P. protegens co-cultures has a negative effect on the final OD600 (y-axis).
Vertical lines indicate the estimated supernatant concentration where the population’s growth is
inhibited by 50% (IC50).

is included (p = 0.30) or when it is excluded entirely (stress = 0.0359; p = 0.22). However, the301 301

gradient becomes significant when the communities with 48 hr heat pulse but without P. protegens302 302

are excluded (Figure S10; stress = 0.0370; p ¡ 0.001). We noticed that communities subjected to303 303

the 48 hr heat pulse seemed more likely to go extinct, especially those without P. protegens.304 304

A logistic regression model was fitted to the community extinction data (Figure S11) and it305 305

explained about 70.7% of the variation (by Efron’s pseudo r-squared). The model had an additive306 306

effect of heat pulse duration, the presence of P. protegens, and expected community growth rate.307 307

Contrary to our hypothesis, this model was preferred over one where the presence of the heat308 308

resistant species P. putida was included as a predictor (∆BIC = 48.1).309 309

The logistic regression estimated that communities where P. protegens had been inoculated310 310

were less likely to go extinct. However, this estimate (odds: 2.71 ·10−11, 95% CI: [0, ∞), p=0.999)311 311

is unreliable, likely because we never observed a single extinction of these communities even for312 312

the 48 hr heat pulse duration (n=35). In contrast, six communities went extinct (n=35) among313 313

those inoculated with the heat resistant P. putida, the species that was identified in Experiment314 314

I as growing reliably at 40◦C. If we look more closely at the growth curve data from Experiment315 315

I, we see that P. protegens exhibited a density-dependence in its ability to grow under extreme316 316

heat. The highest inoculum concentration at 40◦C had a similar time to detection as for lower317 317

temperatures but all other inoculum concentrations failed to grow at this extreme heat (Figure S6).318 318

A similar result was also observed for colonies on solid media (data not shown). Unlike the other319 319
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species, P. protegens exhibits a positive density-dependence of growth rate even at an ambient320 320

temperature (Figure S7).321 321

Fast-growing communities were more protected from extinction. The odds of community ex-322 322

tinction increased by 21.5% (95% CI: [0.111, 0.319]) for each additional hour of heat pulse duration.323 323

On the other hand, communities with faster growth rates were 2.26 ·106 times more likely (95% CI:324 324

[120, 4.27 · 1010]) to survive for each unit of growth rate increase. In conclusion, communities with325 325

faster-growth rates and those inoculated with P. protegens were protected from the community326 326

extinction that was caused by longer heat pulse durations.327 327

3.2.3 Long duration heat pulse magnifies the decoupling between resistance and328 328

recovery329 329

To gauge how community stability changed with increasing heat pulse duration, we estimated330 330

decoupling by comparing the effect size during resistance to that during recovery for Shannon331 331

diversity and total productivity.332 332

For diversity, the model that best fit the data was a complex model with 25 parameters: an333 333

additive effect of inoculated community richness; and a four-way interaction between the heat334 334

pulse duration, treatment day, presence of P. protegens, and community expected growth rate. As335 335

this model was too complex to interpret, we chose to investigate the second best model (∆BIC =336 336

8.32), which used the same predictors but had only 16 parameters: an additive effect of inoculated337 337

community richness; a three-way interaction between the heat pulse duration, treatment day, and338 338

presence of P. protegens; and an interaction between the presence of P. protegens and community339 339

expected growth rate. Contrary to our hypothesis, models with the presence of the heat resistant340 340

species P. putida fit poorly (∆BIC ≥ 163). All heat pulse durations led to a significant loss of341 341

biodiversity that never recovered, even two days after the heat pulse ended (Figure S12). The loss342 342

of biodiversity was significantly greater for the 48 hr heat pulse (Table S5). The results remained343 343

consistent even after excluding extinct communities (Figure 4A). No decoupling was observed.344 344

The model that best fit the productivity data was a complex model (26 parameters), similar345 345

to the best fitting one for biodiversity. We chose to investigate the second best model as its fit346 346

was indistinguishable (∆BIC = 1.04). This simpler model used the same predictors but had only347 347

16 parameters: an additive effect of community expected growth rate; a three-way interaction348 348

between the heat pulse duration, treatment day, and presence of P. protegens; and an interaction349 349

between presence of P. protegens and inoculated community richness. Contrary to our hypothesis,350 350

models with the presence of the heat resistant species P. putida fit poorly (∆BIC ≥ 188).351 351

We found that longer heat durations led to larger negative effects during resistance, especially352 352

for the longest heat pulse duration of 48 hrs (Figure S13, Table S6). We found that decoupling353 353

between resistance and recovery (both early and late) seemed to increase somewhat with heat354 354

duration (Figure S14). Extinct communities, by definition, were not able to recover and therefore355 355

were perfectly coupled. To assess whether the increased community extinction risk associated with356 356

longer heat pulse durations influenced our results, we excluded all communities that experienced357 357

extinction, repeated the analysis, and observed consistent results (Figure 4B). After excluding358 358

extinct communities, long heat pulse events were found to lead to slightly positive effects during359 359

recovery. A sharp increase in decoupling was observed for the 48 hr heat pulse duration (Figure360 360

5).361 361

4 Discussion362 362

Our study aimed to identify the ecological mechanisms that shape soil bacterial community sta-363 363

bility under varying heat pulse durations. We sought to predict bacterial community responses364 364

from species growth rate and heat resistance. By estimating thermal performance traits for six365 365

congeneric species (comprising 16 strains; Experiment I), we found no support for the hypothe-366 366

sized trade-off between growth rate and resistance. Although species exhibited consistent growth367 367

rate rankings across temperatures, these were uncorrelated with resistance to extreme heat. For368 368

the heat pulse duration experiment (Experiment II), we selected four species with variable growth369 369

rates and hypothesized that the fastest and most heat resistant species, P. putida, would dominate370 370

all the communities where it was inoculated. Surprisingly, an intermediate grower, P. protegens,371 371
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Figure 4: Different metrics show larger effect sizes for the longest heat pulse event, 48h.
Forest plots show the estimated effect sizes and their 95% confidence intervals from generalized
linear models. All communities that experienced extinction have been excluded from the data. A)
The response variable is Shannon diversity as estimated from flow cytometry absolute cell densities
for each of up to four species. B) The response variable is productivity as estimated from flow
cytometry absolute cell density summed across all species present in the community.

out-competed all the other species, regardless of heat, because it was an effective killer. In ad-372 372

dition, P. protegens was resistant to even the longest heat pulse duration, although the thermal373 373

performance screen identified it as heat sensitive.374 374

On average, longer heat pulses drove communities to extinction. Each additional hour of375 375

heat exposure increased the odds of community extinction by 21.5%, but communities with faster376 376

growing species were substantially protected (∼ 106 times more likely to survive). Even among377 377

communities that evaded extinction, community stability decreased nonlinearly with increased378 378

heat pulse duration. Both species diversity and total productivity declined during the shorter379 379

heat pulses (6–12 hrs), then fell sharply during the longest heat pulse. The longest heat duration380 380

caused a sharp decoupling in total productivity responses during versus after the pulse, indicating381 381

reduced community stability. In summary, our study suggests that growth rates are a key factor382 382

in community stability against prolonged heatwaves. However, specific species interactions can383 383

override the predictions from monoculture traits and significantly alter the community outcomes.384 384

4.0.1 Interspecific variation in thermal performance traits385 385

In Experiment I, we found variation in thermal performance traits among closely related species,386 386

indicating their diverse growth strategies and heat resistances. The strains used here are primarily387 387

natural isolates but were isolated at standard culture temperatures (30 or 37◦C), so it is unclear388 388

if they accurately represent the diversity of thermal strategies adopted by soil Pseudomonads.389 389

Although Pseudomonads are broadly considered mesophiles [48], fine grain thermal niches may390 390

distinguish species. The greater between-species than within-species differences in thermal niche391 391

could suggest that this represents an important species difference in Pseudomonads, as previously392 392
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Figure 5: Productivity exhibited decoupling of resistance from recovery, especially
for the longest heat pulse duration (48h). A) The x-axis shows the effect size on the
resistance treatment day, the y-axis shows the effect size on the late recovery treatment day, and
the black diagonal line indicates y=x. The coloured points show the mean estimate for different heat
pulse durations and the cross-hairs indicate their univariate 95% confidence intervals. Decoupling
occurs when the effect size of resistance is significantly different from that of recovery; these
statistically significant points are filled with black. B) Decoupling increases sharply for long
heat pulse durations. Mean estimated decoupling (points) is plotted directly from the panel
above by measuring the shortest Euclidean distance between the point estimate and the y=x line.
The lines show the confidence intervals that were estimated by drawing ovals around the univariate
confidence intervals then measuring the shortest and longest Euclidean distance between the oval
and the y=x line. All communities that experienced extinction have been excluded from the data.

found in Eukaryotic microbes [49]; or that the thermal niche evolves neutrally and at a slower pace393 393

than the speciation rate. The mixture of thermal niches and growth strategies observed here likely394 394

reflects the spatial and temporal heterogeneity of soil [50, 51], which supports exceptionally high395 395

microbial biodiversity [11].396 396

4.0.2 Inter- and intra-specific interactions thwart monoculture predictions of com-397 397

munity dynamics398 398

Contrary to our expectation from the monoculture experiments, the intermediate grower P. prote-399 399

gens dominated all communities where it was inoculated in Experiment II and never experienced400 400
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community or species extinction. Follow-up supernatant experiments and closer examination of the401 401

growth curve OD600 data showed that this species is competitive because it can produce diffusible402 402

metabolites and facilitate its own growth even during extreme heat. Although the OD600 data403 403

at 25◦C could be explained by cellular changes in size or aggregation, those at 40◦C are clearly404 404

indicative of density-dependent survival or growth facilitation under stress. Our findings reinforce405 405

that monoculture-based traits, such as growth rates, cannot solely predict community dynamics,406 406

a conclusion supported by previous work [34, 52, 53]. Supernatant experiments can effectively407 407

assess species interactions but may be misleading when toxin expression is inducible [54, 55]. P.408 408

protegens toxicity aligns with previous studies identifying it as a biocontrol agent [56] capable of409 409

excluding other soil bacteria, including other Pseudomonads [57], by antibiotic secretion [58] and410 410

contact-dependent killing [59]. Future studies should investigate the mode of action of P. protegens’411 411

toxicity under different environmental variables relevant to climate change and in the community412 412

context [5, 9]. Finally, our work demonstrates that the time-to-detection method [33] can be used413 413

to estimate density-dependent effects. This suggests that high-throughput monoculture growth414 414

experiments can be better leveraged to estimate species functional traits [34].415 415

4.0.3 Towards a comprehensive functional trait framework for microbial life history416 416

strategies417 417

Our understanding of bacterial functional traits that influence life history strategies and community418 418

dynamics is limited compared to macro-biological systems. In plants, for example, functional traits419 419

such as specific leaf area, seed size, and wood density are well established as indicators of life history420 420

strategies [8]. In bacteria, the most well characterized functional trait is ribosomal RNA operon421 421

copy number, which correlates with maximum growth rate [60, 61]. However, comprehensive422 422

trait frameworks are still missing. While other studies have explored various bacterial functional423 423

traits [10, 62–64], including those related to heat resistance [16], these findings focus on distant424 424

phylogenetic relationships. Using a trait-based methodology for predicting interactions remains425 425

a challenge, especially for closely related species, as in our study. Our research suggests that426 426

density dependence in growth rate may serve as a valuable trait for predicting resistance and427 427

interactions between closely related bacteria. Future studies should systematically investigate428 428

density dependence further to determine if it correlates with life history strategies such as stress429 429

resistance and competitive ability.430 430

4.0.4 Decoupling increases nonlinearly with heat pulse duration431 431

The main contribution of this work is the finding that decoupling between resistance and recovery432 432

increases nonlinearly in bacterial communities due to prolonged heat pulse duration. In our study,433 433

this decoupling is driven by the positive selection of species with higher growth rate and heat434 434

resistance. The prolonged 48 hr heat pulse restructured community composition through loss of435 435

slower growing species. Communities composed of only slow-growing species were unable to re-436 436

cover and went extinct, exhibiting a perfect coupling between resistance and recovery. In contrast,437 437

communities that escaped extinction were enriched with fast-growing heat-resistant species, which438 438

showed over recovery. Consequently, the communities that survived extinction displayed a strong439 439

decoupling due to the intense negative response during resistance and mild positive response dur-440 440

ing recovery (Figure 5). Notably, our findings provide a new mechanism for decoupling [3] that441 441

is distinct from the trade-off between survival and fecundity that was observed for soil inverte-442 442

brates exposed to heat [25]. While survival fecundity trade-offs can be identified by their positive443 443

response (high survival) during resistance and negative (low fecundity) one during recovery [25],444 444

the mechanism of decoupling that we describe here has an opposite pattern. This decoupling is445 445

caused by a positive correlation between growth rate and heat resistance in soil Pseudomonads,446 446

suggesting that species or stressors that elicit a growth rate-resistance trade-off may elicit different447 447

patterns of decoupling. Future studies should examine decoupling in other microbial taxa and448 448

other environmental stressors to determine if our findings are generalizable.449 449

In contrast to a previous meta-analysis that found no evidence of a threshold effect for many450 450

types of anthropogenic global change stressors [65], our study finds nonlinear responses for pro-451 451

longed heat duration. We expect this threshold effect of heat duration to be generalizable to452 452

both Eukaryotic and natural communities because it is caused by increased extinction risk with453 453
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increased heatwave duration. Extinction is a local equilibrium for most ecological systems. Future454 454

studies should look at the threshold effect of heatwave duration.455 455

5 Conclusion456 456

Longer heatwave durations have a nonlinear impact on bacterial communities, significantly in-457 457

creasing the risk of extinction for slower growing species. Even communities that avoid extinction458 458

are likely to be destabilized, as indicated by a larger decoupling between their responses during459 459

resistance and recovery. This suggests that prolonged heatwaves reshape the composition and re-460 460

duce the stability of communities, particularly affecting interactions among different growth rate461 461

strategies.462 462
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