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Abstract  31 

As global temperatures rise and extreme heat events impair ectotherm performance and survival, it is 32 

becoming increasingly important to predict how organisms accumulate and repair thermal injury 33 

under realistic benign and stressful temperatures. The thermal death time (TDT) model quantifies 34 

how heat events translate into thermal injury, but under natural temperature fluctuations the TDT 35 

model is inadequate as net injury reflects the balance between injury accumulation during stressful 36 

temperatures and repair during permissive temperatures. The relative rates of these antagonistic 37 

processes both depend on temperature, and repair also depends on the present level of injury. 38 

Empirical evidence of the thermal dependency of both rates remains scarce, and so far, they have not 39 

been integrated into mathematical foundational frameworks. Here, we develop two separate 40 

modelling approaches to infer these latent processes from thermal failure data for two model 41 

organisms: the aquatic plant duckweed (Lemna gibba) and the spotted wing fruit fly (Drosophila 42 

suzukii). First, we introduce a non-parametric TDT model that estimates how temperature exposure 43 

contributes to net injury or repair without assuming a predefined temperature response. The model 44 

assumes additivity of injury and repair and performs well at identifying permissive and stressful 45 

temperatures for the relatively simple L. gibba dataset. However, for the more complex D. suzukii 46 

data, it fails to estimate repair magnitudes because it cannot represent its antagonistic injury 47 

dependence. To address this limitation, we introduce a parametric thermal injury-repair model that 48 

jointly estimates injury accumulation and repair as antagonistic, temperature dependent latent 49 

processes in a probabilistic framework. Here, injury increases exponentially with temperature, while 50 

repair follows a unimodal thermal response and depends on accumulated injury through a first order 51 

decay process. When applied to the D. suzukii data, the model shows that repair can significantly alter 52 

rates of injury accumulation under fluctuating temperatures. Together, these approaches provide a 53 

framework for translating any temperature history into trajectories of injury and repair. When 54 
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expanded across different life-stages, more traits and taxa, this will enable predictions of how 55 

fluctuating thermal environments shape ectotherm responses to heat extremes and ultimately global 56 

warming vulnerability.  57 
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Introduction 58 

As climate change increases mean temperatures and the frequency of extreme heat events worldwide, 59 

understanding how thermal stress accumulates and affects survival and performance of ectothermic 60 

organisms is becoming increasingly urgent (IPCC, 2023). Temperature is a fundamental driver of 61 

biological processes in ectotherms, promoting performance at favourable levels while becoming 62 

physiologically stressful at extremes impacting survival and lifespan (Angilletta, 2009; Hoffmann & 63 

Todgham, 2010; Schulte et al., 2011; Sunday et al., 2011; Diamond, 2017; Malusare et al., 2023; 64 

Briceño et al., 2025). Accordingly, at permissive temperatures, organisms can sustain growth, 65 

activity, and reproduction (Huey & Kingsolver, 1989; Angilletta, 2009; Fitter & Hay, 2012; Ørsted 66 

et al., 2022; Faber et al., 2026a), but when temperatures are stressful, homeostasis of biological 67 

processes become disrupted, and their rate of mortality increases (Rezende et al., 2014; Jørgensen et 68 

al., 2021; Jørgensen et al., 2022; Ørsted et al., 2022; Cook et al., 2024; Faber et al., 2024). It is 69 

becoming increasingly clear that acute heat failure in ectothermic organisms follows an extreme 70 

thermal sensitivity when temperatures are stressful (Rezende et al., 2014; Jørgensen et al., 2019; 71 

Jørgensen et al., 2021; Ørsted et al., 2022; Cook et al., 2024; Faber et al., 2024; Buckley et al., 2025; 72 

Arnold et al., 2025). However, even when extreme temperatures do not result in acute heat failure, 73 

accumulated heat stress caused by periodic exposure to stressful temperatures can reduce 74 

performance by impairing growth, reproduction, and other biological processes, with lasting effects 75 

on fitness (Colinet et al., 2015; Dowd et al., 2015; Kingsolver & Buckley, 2017; Stocker et al., 2024; 76 

Vasseur et al., 2014).  77 

 78 

When temperatures are consistently stressful, the amount of heat stress an organism accumulates can 79 

be expressed as a finite tolerable dose of injury through the thermal death time (TDT) model where 80 

log survival time follows a linear relationship with temperature (Rezende et al. 2014; Jørgensen et al. 81 
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2019; Jørgensen et al., 2021; Cook et al., 2024; Faber et al., 2024). Assuming injury accumulation is 82 

additive in this thermal range, survival time can then be predicted (Fry et al., 1946; Jørgensen et al., 83 

2021; Ørsted et al., 2022; Faber et al., 2024, 2026a; Ørsted et al., 2026). However, predicting how 84 

injury accumulates under fluctuating temperatures remains a major challenge, because the amount of 85 

injury an organism accumulates emerges from the dynamic balance between the rate of injury 86 

accumulation and rate of repair, two antagonistic processes that vary nonlinearly with temperature 87 

that can only be estimated indirectly from mortality or other binary thermal failure data, such as heat 88 

induced coma (Lutterschmidt & Hutchison, 1997).  89 

 90 

These dynamics bear many similarities to modelling frameworks from other disciplines such as the 91 

General Unified Threshold model of Survival (GUTS), which have mostly been used to model the 92 

toxico-kinetics of chemical stress (Jager et al., 2011; Jager & Ashauer, 2018). In GUTS, the internal 93 

concentration of some harmful substance leads to damage – which can be repaired at a certain rate – 94 

that in turn leads to mortality. Similarly to thermal stress, as the level of accumulated damage is 95 

mostly not measured, we simply observe the endpoints of failure. In this framework, repair is typically 96 

represented as a process that is proportional to accumulated injury (Jager & Ashauer, 2018), so that 97 

repair can only act on existing injury and higher injury leads to faster repair. Recently, Mangold-98 

Döring et al. (2023) adapted the GUTS framework to thermal stress, explicitly linking injury 99 

accumulation and repair as antagonistic processes. In their model, injury accumulates when 100 

temperatures exceed a fixed assumed critical threshold temperature, while repair reduces injury at 101 

permissive temperatures and is proportional to the current level of injury. However, critically, they 102 

assume that the repair rate is independent of temperature. In contrast, Arnold et al. (2025) proposed 103 

to combine the TDT model with an estimated temperature-dependent repair function (TPC model) 104 

derived from separate recovery experiments (using empirical data from Ørsted et al., 2022). However, 105 
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in their framework, injury accumulation and repair are not coupled within a single dynamic state 106 

equation as antagonistic processes but instead combined as independently estimated temperature 107 

response functions. Using a single fixed recovery duration they also assumed that repair is 108 

independent of recovery duration. 109 

Recently, the TDT framework was extended to include a quantitative assessment of repair of 110 

thermal injury (Buckley et al., 2025; Ørsted et al., 2026). These studies demonstrate that, at 111 

permissive temperatures, repair exceed injury accumulation, allowing organisms to maintain 112 

homeostasis, whereas at higher temperatures, injury accumulates faster than repair, ultimately leading 113 

to physiological failure. This transition occurs at a critical temperature (Tc), defined as the 114 

temperature at which the rates of injury accumulation and repair are equal (Ørsted et al., 2022; Faber 115 

et al., 2026a). Repair was shown to be both time-dependent, increasing with longer recovery 116 

durations, and temperature-dependent, with low or no repair at cold temperatures, highest near 117 

species’ optimal temperatures, and a sharp decline at relatively high temperatures, resembling a 118 

classic thermal performance curve (TPC) (Buckley et al., 2025; Ørsted et al., 2026). However, in 119 

these rather simple experiments, injury and repair rate dynamics were parameterized separately, and 120 

did also not consider repair to be mechanistically linked to the current level of injury (i.e., repair is 121 

not a function of injury).  122 

 There is currently no framework that explicitly couples the temperature-dependent processes of 123 

injury generation in a dual model with temperature-dependent, injury-modulated repair inferred from 124 

time-resolved mortality data. By explicitly modelling injury generation and repair as antagonistic, 125 

temperature-dependent processes, it should be possible to determine the dynamics of these processes 126 

in ectothermic organisms directly from any temperature profile and the resulting survival outcomes, 127 

even though they cannot be observed directly. Doing so would allow the identification of which 128 

temperatures are permissive, which are stressful, where they overlap (Tc) and predicting how rapidly 129 
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injury accumulates and is repaired through time even when thermal failure is not reached. A key 130 

advantage to this is a reduced data demand, as both components can be simultaneously parameterised 131 

from relatively simple experimental designs. 132 

 133 

Here we present two different modelling approaches to parameterize these processes. First a non-134 

parametric thermal death time (TDT) model that links injury and repair by estimating their net balance 135 

directly from thermal failure data, using the accumulated exposure to different temperatures prior to 136 

heat failure. We refer to this model as a non-parametric TDT model because it does not impose an 137 

explicit functional form on the temperature dependence of injury and repair but instead assumes that 138 

their effects accumulate additively through time with total injury determined by the sum of 139 

temperature-specific rates weighted by their exposure durations. By doing so, it reconstructs how 140 

thermal history contributes positively or negatively to net injury, thereby mapping permissive 141 

temperatures (net repair) and stressful temperatures (net injury). We test this approach on two 142 

ectothermic model organisms from different kingdoms, Duckweed (Lemna gibba) and the Spotted 143 

wing drosophila (Drosophila suzukii) 144 

 145 

Building on this approach, and previous work linking the dynamics of injury and repair (Ørsted et 146 

al., 2026), we also introduce a parametric model. In this parametric version, injury and repair are 147 

represented as two temperature-dependent, antagonistic processes, where injury increases 148 

exponentially with temperature and repair follows a unimodal temperature response but, unlike the 149 

non-parametric model, also depends on the current level of accumulated injury. By treating both 150 

processes as latent and inferring them jointly from thermal failure data, the model captures how their 151 

dynamic balance unfolds over time under various temperature histories. Although it requires more 152 

data than the non-parametric model, this approach provides mechanistic estimates of injury 153 
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accumulation and repair and quantifies their joint uncertainty within a unified probabilistic 154 

framework. Due to its higher data requirements, we apply the parametric version only to Drosophila 155 

suzukii, where sufficiently detailed survival data allow robust estimation of both processes. 156 

 157 

The simultaneous injury and repair dynamics can be conceptually thought of as water tank (Fig. 1). 158 

In the thermal failure data used by the model, we typically only observe the thermal history and time 159 

of failure, while the underlying injury and repair dynamics remain latent (Fig. 1A). These data are 160 

then used to infer the processes illustrated in the remaining panels. The inlet of the water tank 161 

represents thermal injury, the flow of which represents the rate of injury accumulation (how quickly 162 

the tank fills up), modelled as an exponential increase with temperature (Fig. 1B). Conversely, the 163 

outlet represents the rate of repair modelled as a peaked Arrhenius function (Fig. 1D). Thus, the water 164 

level reflects how net injury accumulates, such that when injury and repair rates are balanced (at Tc), 165 

the water level remains constant, whereas net injury accumulates when inflow exceeds outflow. 166 

Failure occurs when the water tank reaches its capacity, representing the lethal dose of injury. Similar 167 

to Mangold-Döring et al. (2023), we assume that repair follows an exponential decay when the inflow 168 

stops (at permissive temperatures). Thus, this concept can also illustrate how repair depends on both 169 

temperature and the current level of injury, and how these dynamics affect the decline in injury over 170 

time (Fig. 1E-F). Here, at the same amount of injury, repair occurs faster at optimal temperatures, 171 

leading to faster decline in net injury (Fig. 1E) and at different amounts of injury sustained, repair is 172 

assumed faster the more injury is sustained despite repairing at the same temperature (Fig. 1F). Some 173 

unresolved aspects of these dynamics, particularly, the effect of acclimation is also illustrated: long-174 

term acclimation and rapid heat hardening can likely affect both how much injury can be sustained 175 

(the volume of the tank), but also directly affect the rates of both injury accumulation and repair (in- 176 

and outflow). In other works, these are referred to as increased tolerance (tolerable thermal dose) and 177 
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increased resistance (when injury accumulates) (Fry et al., 1946; Cossins & Bowler, 1987; Angilletta, 178 

2009; Hoffmann & Todgham, 2010; Ørsted et al., 2022) 179 

 180 

Together, the parametric and non-parametric approaches form a complementary toolkit. The non-181 

parametric TDT model provides a simple but efficient mapping of temperatures that promote repair 182 

versus injury, making it useful for descriptive statistical analyses when datasets are relatively simple 183 

in structure. In contrast, the parametric model explicitly resolves the underlying physiological 184 

dynamics by estimating temperature-dependent injury and repair processes, with repair directly 185 

modulated by accumulated injury. This formulation enables reconstruction of injury trajectories and 186 

probabilistic prediction of net injury across permissive and stressful temperatures. 187 

 188 
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 189 

Figure 1.  190 

Conceptual framework of the parametric thermal injury–repair model. (A) Observed mortality data consist of the thermal 191 

history and time of mortality/thermal failure of an organism. The underlying, injury and repair dynamics are latent. (B–192 

D) the model predicts the temperature dependent rates of injury accumulation (B) and repair (D), where injury increases 193 

exponentially with temperature and repair follows a unimodal thermal response. (C) The internal net injury level of an 194 

organism is represented as a water tank, where injury influx (inlet) and repair (outlet) determine net injury (water level). 195 

When the temperature is stressful and the rate of injury exceeds the rate of repair the water level increases and failure 196 

occur when a critical injury threshold (tank capacity) is reached. Acclimation or hardening responses may potentially 197 

modify this system by affecting injury rates, repair rates, or the lethal threshold (i.e. inlet, outlet, or tank volume). (E–F) 198 

Repair reduces accumulated injury as an exponential decay over time and depends on temperature (E) and current injury 199 

load (F), reflecting the antagonistic coupling between injury and repair processes in the model. Together, these 200 

components determine net injury dynamics under fluctuating temperatures. 201 
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Methodology 202 

Photosynthetic thermal failure data for Lemna gibba  203 

We used data for Lemna gibba from Faber et al. (2026a), comprising three different experiments: 204 

constant, ramping, and alternating temperature assays (Fig. 2). In this system, thermal failure was 205 

quantified at the population level based on photosynthetic thermal failure. Accordingly, thermal 206 

failure was estimated as the time to induce a 50% reduction in the maximum quantum efficiency of 207 

photosystem II (Fv/Fm) on the population level, providing an Et50 measure derived from chlorophyll 208 

fluorescence to represent thermal failure (Faber et al., 2026a). 209 

The dataset for this species comprises constant temperature assays within the stressful 210 

temperature range (Fig. 2A), linear ramping assays where the ramp speed is fixed but vary based on 211 

the starting temperatures of the ramps (Fig. 2B), and alternating assays consisting of an initial high 212 

stressful temperature exposure followed by a period at lower “repair” temperatures before re-213 

exposure to the initial stressful temperature (Fig. 2C). These assays comprise a range of thermal 214 

histories, from constant to dynamically fluctuating temperature profiles, enabling inference about 215 

which temperatures contribute to net injury or repair over time (Faber et al., 2026a). The dataset 216 

containing all temperature profiles for all assays can be found in supplementary data S1 and details 217 

on population maintenance can be found in Faber et al., 2026a.  218 
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 219 

Figure 2.  220 

Conceptual figure of the thermal tolerance assays used to estimate net thermal injury accumulation in L. gibba (data from 221 

Faber et al., 2026a). The assays include constant temperature assays (A), ramping temperature assays where the 222 

temperature increases in a linear fashion from different starting temperatures (B), and alternating temperature treatments 223 

with transitions between stressful and permissive temperatures (C). Thermal failure was estimated for all assays the time 224 

when a 50% reduction in the maximum quantum efficiency of photosystem II (Fv/Fm) occurred on a population level, 225 

indicating significant photosynthetic injury. The red and blue shaded areas in the panels indicate stressful and permissive 226 

temperatures, respectively.  227 

 228 
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Heat knockdown data for Drosophila suzukii  229 

We used data on heat knockdown time as a measure of thermal failure for male Drosophila suzukii 230 

from Ørsted et al. (2026), consisting of a set of constant and fluctuating temperature experiments 231 

(Fig. 3). In contrast to the L. gibba experiments, thermal failure in D. suzukii was measured at the 232 

individual level as the time at which flies entered coma, defined as the loss of movement in response 233 

to stimulation. Although heat coma precedes mortality, i.e., recovery may be possible after coma if 234 

the stress is quickly relaxed, it provides a robust and widely used proxy for acute thermal failure in 235 

insects and allows estimation of individual failure times. 236 

 237 

The dataset for this species comprised a range of five experimental designs that varied both in the 238 

intensity and temporal structure of thermal exposure which allows parametrisation of the temperature 239 

response of injury and recovery as well as their interaction. Experiment 1 included constant 240 

temperature assays where flies were exposed to eight stressful temperatures (Fig. 3A). Experiment 2 241 

were two-step assays where flies were transferred between constant stressful temperatures, either 242 

decreasing or increasing between two levels (Fig. 3B) with varying exposure duration at each 243 

temperature step. Experiment 3 included more complex alternating thermal regimes combining three 244 

stressful temperatures with six to seven lower “recovery” temperatures, with variation in the exposure 245 

duration of both phases (Fig. 3C).  246 

 247 

Experiment 4 allowed flies to undergo recovery in more dynamic conditions where flies were exposed 248 

to a stressful temperature followed by a drop to permissive temperatures, after which the temperature 249 

was either decreased further or increased to another permissive temperature before being returning to 250 

the initial stressful temperature (Fig. 3D). Lastly in experiment 5, flies experienced repeated cycles 251 

of stressful temperature interspersed with 6-hour recovery periods at three different repair 252 
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temperatures (Fig. 3E). The dataset containing each temperature profile for all flies in each 253 

experiment across all assays can be found in Supplementary data S2. Here 5-10 flies were used pr. 254 

repetition of each experiment adding up to 998 flies used across all experiments. Further details on 255 

the origin and maintenance of the population can be found in Ørsted et al, (2026).  256 

 257 



 15 

 258 
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Figure. 3.  259 

Conceptual figure of the thermal tolerance assays used to estimate net thermal injury accumulation in D. suzukii (data 260 

from Ørsted et al., 2026). (A) Constant temperature assays at eight stressful temperatures. (B) Two-step temperature 261 

assays with shifts between constant stressful temperatures (decreasing or increasing). (C) Alternating temperature assays 262 

combining three stressful temperatures with six to seven recovery temperatures. The exposure duration at the high and 263 

low temperatures varied within and across each experiment. (D) Stepwise recovery assays in which the temperature is 264 

reduced from a stressful to a permissive temperature before returning to initial stress temperature, with two alternative 265 

recovery temperature trajectories. (E) Cyclic assays with repeated exposures to a stressful temperature interrupted with 266 

6-hour recovery periods at a permissive temperature. Thermal failure was measured at the individual level as the time or 267 

temperature at which flies entered heat coma. The red and blue shaded areas in the panels indicate stressful and permissive 268 

temperatures, respectively. 269 

 270 

The non-parametric TDT model 271 

The non-parametric TDT model assumes that thermal injury and repair accumulate additively over 272 

time, with temperature-specific rates. In this model, each discrete temperature 𝑇! an organism 273 

experience is associated with a parameter b!, representing the net rate of injury accumulation per unit 274 

time at temperature 𝑇!. These parameters may be positive (reflecting injury) or negative (reflecting 275 

repair). Each replicate corresponds to an exposure history for either an individual (D. suzukii) or a 276 

population mean (L. gibba) where time of failure is recorded. For each replicate, cumulative injury is 277 

calculated as the sum of contributions across all temperatures, weighted by the duration of exposure 278 

at each temperature.  279 

 280 

The model is fitted across all replicates with different exposure histories, allowing the shared 281 

parameters b! to be estimated jointly. Thermal failure is assumed to occur when cumulative injury 282 
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reaches a fixed threshold, which is normalised to 1 across replicates. No intercept is included, so all 283 

replicates begin at zero injury. The model is defined as:  284 

𝐼" = ∑ 𝛽!𝑡!" + 𝜀"#
!$% 	 (Eqn.  1) 285 

Where 𝑡!" is the time spent at temperature 𝑇! in replicate 𝑗, 𝑘 is the number of discrete temperature 286 

bins, and 𝜀" 	~𝑁(1, 𝜎&) is the residual variation. Under the assumption that 𝐼"= 1, this expression be 287 

formulated as: 288 

1 = ∑ 𝛽!𝑡!" + 𝜀"#
!$% 	 (Eqn.  2) 289 

This expression allows each b! to be estimated independently, with the number of parameters 290 

increasing with the number of temperature bins. Hence, there is no assumption about how injury or 291 

repair rates vary with temperature. In this study we fit the model separately to the full dataset of L. 292 

gibba and D. suzukii. To maintain model identifiability, the number of temperatures across all 293 

experiments within each species are grouped into bins so that, temperatures are rounded to a 294 

predefined set (for L. gibba temperatures were binned to 26, 30, 34, 35, 36, 37, 38, 39, 40, 41, 42, 43, 295 

44, and 45 °C and for D. suzukii temperatures were binned to 10, 14, 18, 22, 26, 30, 34, 34.5, 35, 36, 296 

36.5, 37, 37.5, and 38 °C), with finer resolution at higher temperatures where injury rates change 297 

rapidly at even small temperature changes, and with less resolution at lower temperatures where rates 298 

are much less temperature sensitive (Ørsted et al., 2022; Ørsted et al., 2026). This assumes that 299 

temperatures rounded to the nearest bin have the same injury or repair rates. In practice, the model 300 

requires at least one more replicate than the number of temperatures bins to ensure identifiability of 301 

the model. An R-script where the model is fitted to the L. gibba dataset is shown in the 302 

supplementary R-code (R1). 303 
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The parametric thermal injury repair model  304 

The parametric model predicts net injury as a dynamic balance between temperature dependent rates 305 

of injury and repair. Since this model requires a dataset that reflects both the temperature dependence 306 

of both processes and how repair depends on different levels of injury, we only fit it to the D. suzukii 307 

dataset. Net accumulated injury at a given time can be described as 𝐼(𝑡), and the temporal dynamics 308 

of injury accumulation can be denoted as a first-order differential equation:  309 

'(
')
= 𝑓(𝑇) − 𝑟(𝑇)𝐼 (Eqn.  3) 310 

Where 𝑓(𝑇) is the temperature dependent injury rate and 𝑟(𝑇) is the temperature dependent repair 311 

rate, which is multiplied by the amount of accumulated injury I, meaning that repair acts in a state-312 

dependent manner proportional to the current injury load, such that recovery is consistent with first-313 

order kinetics. Injury is assumed to increase exponentially with temperature accordingly:  314 

𝑓(𝑇) = exp	(𝛽(𝑇 − 𝛼))  (Eqn.  4) 315 

Where 𝛽 representes thermal sensitivity and 𝛼 represents an intercept-scaling parameter. Repair is 316 

defined using a peaked Arrhenius function, which captures an increase in repair rate with temperature 317 

up to an optimum, followed by a decline at higher temperatures due to thermal inactivation:  318 

𝑟(𝑇) = 𝑟*+, ∙
-./01!"2

#
$"
1 #
$%&'

34

%5-./2
!(
" 6

#
$(
1 #
$"
73

 (Eqn.  5) 319 

Where 𝑇#= 𝑇+ 273.15 is the temperature in Kelvin, 𝑘 = 8.617×10-5 eV K-1 is the Boltzmann’s 320 

constant and 𝑇*+, = 293.15 K (20 °C) is the reference temperature. The parameter 𝑟*+, is a scaling 321 

parameter governing repair rate at the reference temperature, 𝐸 is the activation energy of repair, 𝐸8 322 

is the high-temperature deactivation of repair and the parameter 𝑇8 defines the temperature at which 323 

high-temperature deactivation becomes critical. The temperature dependent net injury accumulation 324 

is then determined over each temperature interval the organism experiences until thermal failure. For 325 
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each interval of duration ∆𝑡 at a given temperature 𝑇, the analytical solution to the differential (eqn. 326 

3) can be expressed accordingly:  327 

𝐼(𝑡 + ∆𝑡) = 	 ,(:)
*(:)

+ >𝐼(𝑡) − ,(:)
*(:)

? 𝑒1*(:)∆) (Eqn.  6) 328 

 329 

Where thermal failure occurs when the accumulated injury is equal to 1. From mortality data the final 330 

observed injury (𝐼 =1) is then modelled as:  331 

 332 

𝐼=>? = 1 + 𝜀,   𝜀	~	𝑁(0, 𝜎&)  (Eqn.  7) 333 

The model parameters are estimated with maximum likelihood across all exposure profiles. The 334 

model was implemented in R using the RTMB package, which provides an R interface to Template 335 

Model Builder (TMB; Kristensen et al., 2016). The user defines the joint negative log-likelihood 336 

function and the random effects as a function in R and the package evaluates and maximizes the 337 

Laplace approximation of the marginal likelihood where the random effects are automatically 338 

integrated out. This approximation, and its derivatives, are obtained using automatic differentiation 339 

(up to order three) of the joint negative log-likelihood. The computations are designed to be fast for 340 

problems with many random effects and parameters. To improve identifiability and prevent 341 

biologically unrealistic solutions, parameters were constrained to biologically plausible ranges during 342 

optimisation (Table S1).  343 

 344 

To test whether accounting for repair at permissive temperatures is statistically significant we 345 

compared the full model to a reduced injury-only model where injury accumulates as dI/dt = f(T) 346 

without the inclusion of a repair term. The two models were compared using a likelihood ratio test 347 

and statistical significance was evaluated against a chi-squared distribution with degrees of freedom 348 

equal to the number of parameters in the full model (𝛽, 𝛼, 𝑟*+, , 𝐸, 𝐸8 ,		and 𝑇8).  349 
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 350 

Predictions with the estimated model parameters of the full model was conducted using Monte Carlo 351 

simulations by sampling random draws from a multivariate normal distribution defined by the 352 

maximum likelihood estimates of the parameters and their covariance matrix. For each parameter 353 

draw, injury trajectories were simulated by iteratively applying the analytical solution of the model 354 

(eqn. 6) across temperature profiles. This yielded a distribution of injury trajectories, from which the 355 

median predictions and 95% CI were obtained at each time point. This approach accounts for the joint 356 

parameter uncertainty of the model and how this uncertainty accumulates through time. An R-script 357 

where the model is fitted to the D. suzukii dataset and examples of how to make predictions with the 358 

model is shown in the supplementary R-code (R2).  359 

 360 

Results 361 

The non-parametric TDT model 362 

The non-parametric TDT model estimated temperature specific injury and repair rates, revealing 363 

stressful and permissive temperatures across all experiments for both species (Fig. 4). Overall, the 364 

model enabled a consistent identification of stressful and permissive temperatures within a unified 365 

analytical framework across very diverse datasets (Fig. 2 and 3). 366 

 367 

For L. gibba, all 𝛽! estimates, representing the net rate of injury accumulation at each temperature, 368 

were non-negative and thus no temperatures across the experiments were associated with significant 369 

repair for this species (Fig. 4A). Injury rates were not significantly different from zero at temperatures 370 

below 36 °C. All temperatures at and above 36 °C resulted in significant injury rates that increased 371 

exponentially with temperature.  372 
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 373 

For D. suzukii, the 𝛽! estimates varied across the temperature range of the experiments, with both 374 

injury and repair detected (Fig. 4B). Significant positive injury rates were observed between 34 °C 375 

and 38 °C, increasing exponentially with temperature. In addition, 10 °C and 14 °C resulted in 376 

significant injury according to the model. Temperatures outside these ranges did not result in 377 

significant injury, while 22 °C and 26 °C resulted in significant negative 𝛽! estimates, reflecting 378 

repair.  379 

 380 
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Figure 4. 381 

Estimated injury and repair rates (𝛽), hour-1) of the non-parametric thermal death time (TDT) model for (A) L. gibba and 382 

(B) D. suzukii. Points represent estimated 𝛽) parameter values for each temperature bin for each species, with error bares 383 

indicating the parameter uncertainty ± 95% CI. Asterisks indicate parameter estimates of injury or repair rates that are 384 

significantly different from zero (P < 0.05) and the red and blue shaded areas indicate estimated stressful and permissive 385 

temperatures, respectively, while their overlap represents the transition zone from no injury to injury. The dotted 386 

horizontal line in both panels indicate the rate of injury that result in thermal failure after one hour exposure time.  387 

The parametric injury-repair model 388 

The latent injury and repair trajectories for D. suzukii were estimated (eqn. 6) such that the time of 389 

thermal failure was predicted with an RMSE value of ± 0.24 across the full dataset. Importantly, the 390 

model including temperature and injury dependent repair (eqn. 5) provided a significantly better fit 391 

than the reduced model with only injury included (eqn. 4; likelihood ratio = 427.03, P < 0.05). 392 

Parameter estimates for the full model are given in Table S1. The model estimated instantaneous rates 393 

of injury and repair and their antagonistic interaction across temperatures (Fig. 5A). The rate of injury 394 

increased exponentially with temperature and was equal to the instantaneous rate of repair at a median 395 

of 32.02 °C (95% CI = 31.62 – 32.61 °C), representing Tc. In contrast repair followed a unimodal 396 

response, with highest rates at intermediate temperatures (~24 °C), and declining at higher 397 

temperatures. Relative repair rates from the alternating stressful and permissive temperatures 398 

experiment (Fig. 3C) are shown in Fig. 6 which support the model’s assumption that injury exhibits 399 

an exponential decay as recovery occurs at different permissive temperatures through time. However, 400 

this relationship clearly depends on the recovery temperature.  401 
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Figure 5.  403 

The temperature dependent injury and repair rates (hour-1) predicted by the parametric thermal injury repair model for D. 404 

suzukii. (A) the instantaneous rates of injury (red) and repair (blue) as functions of temperature. Solid lines represent the 405 

estimated rates based on maximum likelihood estimation of the model parameters, and bands around the solid lines 406 

indicate pointwise 95% CI bands. Injury rates increase as a function of temperature in an exponential fashion, whereas 407 

repair follows a unimodal response, where repair reaches its maximum at 24.50 °C and declines at higher temperatures. 408 

The dotted horizontal line indicates the rate of injury that result in thermal failure after one hour exposure time. The 409 

intersection between injury and repair rates defines the critical temperature (Tc ~ 32.13 °C), above which net injury 410 

accumulation occurs. (B-E) illustrates the predicted injury dynamics under fluctuating temperature regimes for D. suzukii. 411 

The left y-axis depicts net injury, the x-axis reflects hour of the day, the black lines show the temperature profiles (right 412 

y-axis) and the dotted horizontal lines illustrate Tc. The green lines illustrate the median predicted accumulated injury 413 

over time, and shaded areas indicate 95% CI bands estimated with Monte Carlo simulations. Predictions were generated 414 

by iteratively solving the analytical model (eqn. 6) across the temperature profiles where the shaded CI bands reflect the 415 

propagated parameter uncertainty in injury trajectories. The simulations were capped when the median accumulated injury 416 

reached the thermal failure threshold (injury = 1). The different panels illustrate how variation in daytime and night-time 417 

temperatures affects net injury through the balance between injury and repair, leading to full recovery (B-C) carryover 418 

effects (D), or rapid thermal failure (E). 419 

 420 

Predictions with the parametric model under simulated daily fluctuating temperatures demonstrated 421 

how injury and repair determine net injury over time based on the estimated parameters (Fig. 5B-E). 422 

Across days, when temperatures exceed Tc but drop sufficiently during the night, accumulated injury 423 

is partially repaired between daytime heat exposures (B) but under even lower daytime heat exposure 424 

amplitudes injury is much lower (C). In contrast, for elevated night-time temperatures (D) reduced 425 

repair leads to incomplete recovery and results in carryover effects of injury accumulation across 426 

days, ultimately resulting in thermal failure. When daytime temperatures are higher for longer 427 

durations (E), injury accumulates rapidly and thermal failure occurs within a single day.  428 

 429 
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 431 

Figure 6.  432 

Relative recovery rates at different temperatures and recovery durations for Drosophila suzukii (dataset from Ørsted et 433 

al., 2026). Relative recovery (%) is shown as a function of recovery duration (1, 6, and 12 hours) following exposure to 434 

three stressful temperatures: 34°C (A), 36°C (B), and 37.5°C (C). Relative recovery rates were calculated in relation to 435 

control experiments in which flies were exposed only to the stressful temperatures without intervening recovery periods, 436 

allowing baseline injury accumulation to be quantified. Points represent mean values derived from individual thermal 437 

failure times (defined as time of heat coma) across experimental replicates. Across all stress temperatures, recovery 438 

dynamics generally follow an exponential decay in injury over time. However, the rate and extent of recovery are strongly 439 

dependent on the temperature at which recovery occurs. This is reflected in the divergence among curves within each 440 

panel, indicating that higher recovery temperatures alter the trajectory of injury reduction. Data are derived from the 441 
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dynamic recovery experiments described in Fig. 3C, in which flies were subjected to alternating stressful and permissive 442 

thermal regimes. 443 

Discussion 444 

Here, we present a statistical framework for ectothermic organisms that can identify and distinguish 445 

temperatures that lead to injury accumulation and ultimately acute failure (stressful) from those that 446 

allow recovery and support physiological homeostasis (permissive). We show how to predict these 447 

injury-repair dynamics over time under fluctuating temperatures using thermal failure data alone. 448 

 449 

While some studies have demonstrated how ectotherms recover from a sublethal amount of thermal 450 

stress, i.e. repair (Nedvěd et al., 1998; Colinet et al., 2015; Kovacevic et al., 2019), few have 451 

considered this is terms of the predictable ‘thermal dose’ as in the TDT framework (Jørgensen et al., 452 

2019; Jørgensen et al., 2021; Jørgensen et al., 2022; Faber et al., 2024; Faber et al., 2026a). Only a 453 

few studies have experimentally investigated how repair and injury generation vary when ectotherms 454 

experience fluctuating temperatures (Ørsted et al., 2022; Buckley et al., 2025; Faber et al., 2026a; 455 

Ørsted et al., 2026). Here we demonstrate that under such conditions repair can significantly counter 456 

injury accumulation and thus alter predictions of thermal failure (Fig. 4-5). Frameworks that neglect 457 

repair may therefore misrepresent predictions of both the rate and extent of thermal injury 458 

accumulation when modelled over temporal scales where temperatures fluctuate between stressful 459 

and permissive ranges (Arnold et al., 2025). More broadly, most existing thermal stress frameworks 460 

either ignore repair or treat injury generation and repair as separate processes, limiting their ability to 461 

capture the dynamic balance between injury and recovery under fluctuating temperatures. 462 

 463 

In both models introduced here, injury and repair are assumed to operate continuously across all 464 

temperatures, and failure occurs when a fixed dose of injury is reached. In this perspective, the 465 
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apparent additivity that has been empirically demonstrated for both injury accumulation in fish, 466 

plants, and insects (Fry et al., 1946; Jørgensen et al., 2021; Ørsted et al., 2022; Faber et al., 2024; 467 

Faber et al., 2026a) and for repair in insects (Ørsted et al., 2026) can be understood as arising from 468 

the balance between two opposing antagonistic processes. At stressful temperatures, injury 469 

accumulates because injury rates exceed repair rates by many orders of magnitudes, whereas at 470 

permissive temperatures repair dominates, resulting in net recovery (Ørsted et al., 2022; Ørsted et al., 471 

2026). Thus, additivity does necessarily not imply the absence of either process but rather reflects 472 

conditions where one process dominates the other. Hence, when organisms are exposed to sufficiently 473 

broad temperature ranges and exposure durations, the balance of these processes can be statistically 474 

inferred from thermal failure data alone (Fig. 1) even though they cannot be directly observed. More 475 

generally, both modelling approaches provide a means of estimating injury accumulation and repair 476 

dynamics from virtually any thermal exposure history, including complex and naturally fluctuating 477 

temperature regimes. This creates opportunities to infer these processes under ecologically realistic 478 

thermal conditions, overcoming a major limitation of previous frameworks that require injury and 479 

repair parameters to be derived from highly controlled laboratory experiments (Jørgensen et al., 2019; 480 

Ørsted et al., 2022; Faber et al., 2024; Ørsted et al., 2026; Arnold et al., 2025). 481 

 482 

Our two models resolve these injury and recovery dynamics at different levels of resolution. The non-483 

parametric TDT model is efficient for identifying permissive and stressful thermal ranges across 484 

heterogeneous experimental datasets. In the case of L. gibba, where exposure histories are relatively 485 

simple and do not vary strongly in temporal structure, the model performs well in describing how 486 

different temperatures contribute to net injury accumulation. Accordingly, the model output support 487 

the results of Faber et al., (2026a), separating temperatures that result in net injury accumulation and 488 

those that do not. Hence, the model is useful for integrating diverse exposure histories within a single 489 
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statistical framework, relaxing requirements of temperature control during experiments and deriving 490 

inference of datasets that differ in duration and/or temperature combinations. However, the model 491 

assumes that the temporal order of thermal exposure is irrelevant, but this assumption is most valid 492 

for when temperatures are stressful, and injury accumulation dominates (Jørgensen et al., 2021; 493 

Ørsted et al., 2026). Accordingly, the model is most reliable when applied to datasets with relatively 494 

simple structured temperature sequences, where net effects dominate over dynamic feedback between 495 

injury and repair.  496 

 497 

Modelling how repair rates depend on initial injury levels 498 

One potential drawback of the non-parametric model, is that it does not account for repair processes 499 

being injury dependent, meaning that net repair at a given temperature can vary depending on the 500 

prior accumulated injury (Feder & Hofmann, 1999; Kültz, 2005; Jager et al., 2011; Jager & Ashauer, 501 

2018; Mangold-Döring et al., 2023; Fig. 6). As a result, the model may misestimate net injury when 502 

exposure histories differ in their temporal structure, even if total exposure times are similar. This 503 

limitation is apparent in the D. suzukii dataset, for example where temperature profiles alternate 504 

between stressful and permissive temperatures in repeated cycles (Fig. 3E). This explains why the 505 

model estimates significant injury at 10 and 14 °C (Fig. 4B) even though recovery is present and 506 

detectable at these temperatures in this dataset (Ørsted et al., 2026). 507 

 508 

In contrast, our parametric model accounts for the temporal sequence of temperature exposures and 509 

the injury dependence of repair, allowing it to capture these dynamics (Fig. 5), but at the cost of 510 

requiring more data for robust parameter estimation. While split-dose and recovery experiments have 511 

provided valuable insights of the balance between thermal injury and repair, such experiments are 512 

specifically designed to isolate injury and recovery processes. By contrast, the present framework 513 
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infers these processes directly from survival outcomes under arbitrary thermal histories, where injury 514 

accumulation and repair occur simultaneously. In this model, net injury is determined by the balance 515 

and interaction between injury accumulation and repair, such that identical temperatures can produce 516 

different outcomes depending on the sequence, duration, and intensity of exposure. Accordingly, 517 

repair is modelled as a temperature-dependent, injury-dependent process consistent with similar 518 

established toxicokinetic–toxicodynamic theory (e.g., GUTS; Jager et al., 2011; Jager & Ashauer, 519 

2018; Mangold-Döring et al., 2023), which in its standard formulation assumes temperature-520 

independent kinetics. This extension results in an exponential decay of injury capturing a diminishing 521 

rate of repair as the system approaches homeostasis which aligns well with the empirical trends shown 522 

here (Fig. 6). In contrast, approaches that assume linear repair implicitly treat recovery as independent 523 

of injury state (Ørsted et al., 2022; Arnold et al., 2025; Ørsted et al., 2026), which may provide a 524 

useful approximation over limited conditions, similar to the non-parametric TDT model introduced 525 

here, but does not capture this injury-state dependence. Importantly, for both models introduced here 526 

there is no imposed fixed critical temperature (Tc) at which injury and repair rates are equal. Instead, 527 

Tc emerges from the intersection of injury and repair rates, allowing the boundary between permissive 528 

and stressful temperatures to be objectively estimated directly from thermal failure or mortality data. 529 

For the parametric model that accounts for the injury dependence of repair, this enables reconstruction 530 

of full injury trajectories under arbitrary thermal histories and prediction of how rapidly organisms 531 

approach thermal failure. Because both processes are inferred jointly within a single likelihood 532 

framework, the model accounts for the joint uncertainty between both processes. 533 

 534 

Assumptions and limitations of parametric injury-repair model 535 

Parameter estimation of the parametric injury-repair model requires extensive data as injury and 536 

repair are treated as latent processes and this limits the complexity of the equations that can be 537 
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supported. Nonetheless, equation six provides a biologically motivated and statistically robust 538 

description of these dynamics and should be applicable for ectothermic organisms in general. 539 

However, there is still more nuance and complexity that the framework does not yet account for.  540 

 541 

The parametric model assumes that repair acts proportionally to the current level of injury and can 542 

thus only reduce existing injury, similar to the GUTS framework (Jager et al., 2011; Jager & Ashauer, 543 

2018; Mangold-Döring et al., 2023). However, it might be the case that repair efficiency declines at 544 

high levels of injury, e.g., after irreversible injury. Likewise, the rate of further injury accumulation 545 

may decrease as the proportion of functional tissue available to sustain additional damage becomes 546 

reduced. These effects are not reflected in the current model, as the dataset used was not designed to 547 

resolve such dynamics and therefore does not support more complex formulations. For simplicity, 548 

here we force the model to cap injury predictions at the failure threshold (I = 1) to reflect this to some 549 

extent. Explicitly incorporating injury-dependent limits on the rate of repair at the full injury spectrum 550 

thus remains an important step toward improving the biological realism of the framework. 551 

 552 

Another potentially influential factor, currently not accounted for, is thermal acclimation and heat 553 

hardening which are distinct processes expected to influence injury and repair dynamics in ectotherms 554 

(Willot et al., 2022; Ørsted et al., 2022; Arnold et al., 2025; Faber et al., 2026b). Acclimation typically 555 

occurs over longer timescales and reflects more permanent shifts in thermal tolerance, whereas heat 556 

hardening is a rapid, short-term response induced by brief exposure to high temperatures (Precht et 557 

al., 1973; Bowler, 2005; Bilyk et al., 2012). These processes are temperature dependent and differ in 558 

both their temporal dynamics and thermal sensitivity. However, datasets that allows these effects to 559 

be estimated and incorporated into a unified modelling framework are currently lacking. While the 560 

dataset used to fit the parametric model here is relatively complex, it still represents controlled 561 
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laboratory conditions (Fig. 3). At least one of the experiments in the dataset yielded apparent recovery 562 

beyond 100% injury, suggesting a hardening response (Ørsted et al., 2026). The current framework 563 

cannot account for these confounding effects, highlighting the need for studies that explicitly quantify 564 

how acclimation and hardening influence injury accumulation and repair. Incorporating these 565 

processes will be an important step towards improving predictions of ectotherm mortality under 566 

natural thermal regimes. 567 

 568 

The functions for describing injury (𝑓(𝑇)) and repair (𝑟(𝑇)) dynamics used in this study were chosen 569 

based on their simplicity to enable robust parameter estimates as well as the previously documented 570 

temperature responses for injury (Rezende et al., 2014; Jørgensen et al., 2019; Jørgensen et al., 2021; 571 

Ørsted et al., 2022; Cook et al., 2024; Faber et al., 2024; Buckley et al., 2025; Arnold et al., 2025) 572 

and repair in ectotherms (Ørsted et al., 2022; Arnold et al., 2025; Ørsted et al., 2026). However, these 573 

formulations can easily be modified and can be replaced by alternative temperature-response 574 

functions. Because the model operates at the level of individual observations, future versions could 575 

readily incorporate alternative error structures (e.g. Bullard et al., 2026), hierarchical variance 576 

components, or random effects to account for variation among individuals, populations, or 577 

experimental conditions. The same modelling framework could also be applied to predict population 578 

levels by linking injury dynamics to survival probabilities or population decline directly (Rezende et 579 

al., 2014), while using the same underlying differential equation shown here.  580 

 581 

Application and data requirements  582 

Estimating parameters in our model requires datasets that capture both the temperature dependence 583 

of injury and repair, as well as their interaction through time. Consequently, experiments should span 584 

a broad range of temperatures and exposure durations, including both permissive and stressful 585 
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conditions. Estimation of the injury function (𝑓(𝑇)) requires thermal failure observations across 586 

several stressful temperatures, while estimation of the repair function (𝑟(𝑇)) requires recovery data 587 

spanning a wider range of temperatures because repair is expected to exhibit a unimodal thermal 588 

response. Because repair depends on the current level of injury, informative datasets must also 589 

generate variation in injury levels. This can be achieved through exposure profiles that alternate 590 

between stressful and permissive temperatures while varying the duration of exposures within both 591 

thermal ranges. This variation is necessary to estimate how repair depends on both temperature and 592 

injury level, and to resolve how injury and repair jointly determine net injury dynamics through time. 593 

In practice, model performance will be strongest when fitted to datasets that resemble the temporal 594 

structure and thermal variability of the conditions under which predictions are required. 595 

 596 

The framework is highly relevant for assessing the biological consequences of current and future 597 

climate change across ectothermic organisms. By coupling the framework with biophysical and 598 

microclimate models that predict organism-specific thermal exposures (Kearney & Porter, 2009; 599 

Kearney & Porter, 2020), current and future environmental temperature variation can be translated 600 

directly into predicted injury accumulation and repair dynamics (Noble et al., 2026). These injury 601 

trajectories can be integrated with Dynamic Energy Budget or population models to scale 602 

physiological stress to life-history traits, population growth, and species interactions (Kooijman, 603 

2010; Nisbet et al., 2000; Bimler et al., 2018; Bowler et al., 2022). In addition, the framework 604 

provides quantitative estimates of injury accumulation and repair parameters that can be compared 605 

across species, populations, and life stages. Such comparisons may help us understand how thermal 606 

tolerance evolves and adapts across ectotherms, and how temporal differences in injury accumulation 607 

and repair capacity shape resilience to environmental change and increasingly extreme heat events.  608 

 609 
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Supplementary material 630 

Table S1.  631 

Parameter estimates of the parametric thermal injury repair model. The values are given as maximum 632 

likelihood estimates ± standard error (SE). During optimisation, parameters were constrained to 633 

biologically realistic ranges: 𝛽 = 0.69 – 1.15 (corresponding to Q10 values between 103 and 105) , 𝛼 634 

= 30 – 60 °C, 𝑟*+, = 10-6 – 10-1 h-1, 𝐸 = 0.05 – 4.0 eV, 𝐸ℎ = 0.2 – 15.0 eV, 𝑇ℎ = 1 – 31 °C.  635 

Parameters Estimate Standard error  Unit 

𝛽 0.911 0.010 - 

𝛼 45.22 0.10 °C 

𝑟*+, 0.000031 0.000005 Hour-1 

𝐸 1.398 0.333 eV 

𝐸ℎ 4.199 0.706 eV 

𝑇ℎ 24.89 1.38 °C 

Standard deviation (s) 0.24 0.005 - 

 636 
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