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ABSTRACT 35 

Demographic risks from climate change remain poorly understood for megaherbivore 36 

species which face unique challenges because their large food requirements impose 37 

strong bottom-up limitation while their small surface-area-to-volume ratio limits heat 38 

dissipation. Here, we test how megaherbivore mortality is shaped by the concurrent 39 

effects of temperature and rainfall along with vegetation productivity, a potentially 40 

critical modifier of climate effects. By analysing four decades of monthly mortality 41 

records from 4,457 semi-captive Asian elephants across Myanmar, we identify multiple 42 

environmental pathways regulating megaherbivore mortality. Elephant mortality 43 

increased at extreme hot and cold temperatures in regions with low annual vegetation 44 

productivity, whereas high vegetation productivity buffered against such U-shaped 45 

effects of temperature. Furthermore, high rainfall amplified the negative impacts of 46 

extreme heat, underlining risks arising from the joint effects of heat and humidity. 47 

Seasonal declines in vegetation productivity did not explain the elevated mortality at 48 

temperature extremes. Together, our findings show that megaherbivores face elevated 49 

risks from global warming, but such risks strongly depend on vegetation productivity and 50 

humidity, highlighting multiple pathways through which climate change can shape the 51 

dynamics of megaherbivore populations. 52 

 53 

 54 

 55 
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INTRODUCTION 56 

Effectively mitigating the risks posed by climate change to animal populations requires 57 

understanding their demographic responses to environmental variation (Thomas et al. 58 

2004; Orgeret et al. 2022; Spooner et al. 2018; Paniw et al. 2021). Such responses are 59 

reliably understood by analysing vital rates quantified from individual-based 60 

demographic records (Paniw et al. 2022; Thorley et al. 2025; Woodroffe et al. 2017), but 61 

this knowledge is increasingly poor along the body size continuum as it is difficult to 62 

monitor the multi-decade life-histories of large animals (Fuller et al. 2016). Addressing 63 

this empirical gap is crucial to manage threats to megafauna (weighing over 60 kg) which 64 

have oversized roles in ecosystem functioning (Pringle et al. 2023; Malhi et al. 2022) but 65 

their already vulnerable populations are facing heightened risks from climate change 66 

(Duncan et al. 2012; Ogutu and Owen‐Smith 2003; Ripple et al. 2015; Hetem et al. 67 

2014).  68 

 69 

The demographic impacts of climate change can manifest through multiple pathways 70 

(Fuller et al. 2021; Ickin et al. 2025; Paniw et al. 2021). First, rainfall can strongly 71 

determine population growth by shaping the availability of key resources impacting 72 

survival and fertility (Coe et al. 1976; Stommel et al. 2016; Western et al. 2015; Ogutu 73 

and Owen‐Smith 2003). Second, changes in the ambient temperature can also impact 74 

survival and reproduction, although empirical studies on megafauna remain scarce (Fuller 75 

et al. 2016; Hetem et al. 2014; Walsh et al. 2019). Furthermore, perhaps due to the 76 

popular emphasis on global warming, studies on tropic-dwelling taxa often focus on 77 
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impacts at the hot end of temperature regimes while the cold end is rarely examined 78 

(Spooner et al. 2018; Veldhuis et al. 2019). Changes at the cold end can nonetheless 79 

impact animal performance, especially in endotherms that need to regulate body 80 

temperatures within narrow ranges (Boyles et al. 2011; Cordes et al. 2020; Masoero et al. 81 

2020; Vetter et al. 2015). Third, the interactive effects of temperature and rainfall can 82 

produce divergent demographic outcomes. For example, heat can amplify mortality risk 83 

induced by droughts (Fuller et al. 2021; Thorley et al. 2025), whereas high humidity can 84 

amplify heat stress by constraining evaporative heat loss (Raymond et al. 2020; Coulson 85 

et al. 2025). Therefore, considering concurrent effects of multiple stressors can better 86 

inform our knowledge of risks from climatic disruptions. 87 

 88 

It is also challenging to disentangle whether the apparent impacts of climatic disruptions 89 

resulted from the effects of food scarcity (Creel et al. 2023; Fuller et al. 2021). For 90 

example, earlier studies attributed the decline in African wild dog populations to reduced 91 

survival and reproductive success under heat stress (Woodroffe et al. 2017; Rabaiotti et 92 

al. 2023), but a recent study argued that prey scarcity had greater impacts (Creel et al. 93 

2023), inviting criticism for downplaying the threats from global warming (Woodroffe et 94 

al. 2023). This “hot vs. hungry” debate applies to several taxa, given the complex ways in 95 

which food shortage can shape the effects of temperature extremes (Vetter et al. 2015; 96 

Fuller et al. 2021). For instance, starvation can make thermoregulation inefficient, 97 

increasing mortality risk (Rey et al. 2017; Fuller et al. 2021), whereas demographic 98 

impacts of hot conditions may not be apparent if high vegetation productivity buffers heat 99 
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stress by increasing food abundance (Thorley et al. 2025). This complexity underscores 100 

inferential limits of considering temperature effects in isolation, particularly in species 101 

with large food requirements as both low vegetation productivity and climate extremes 102 

can affect their demography (Mduma et al. 1999; Western et al. 2015; Ogutu and Owen‐103 

Smith 2003). 104 

 105 

Megaherbivores, weighing over 1000kg, may be uniquely sensitive to climate because 106 

their large body size strongly shapes both trophic regulation and thermoregulatory 107 

constraints. First, due to their massive food requirements and the near absence of natural 108 

predation in adults, megaherbivore populations are said to be primarily bottom-up 109 

regulated by food availability (Owen-Smith 1988; Pringle et al. 2023). Their body 110 

condition, survival and distribution strongly depends on forage quantity and quality [e.g. 111 

black and white rhinos (Ferreira et al. 2019; Ndlovu et al. 2023), giraffe (Strauss et al. 112 

2015), African forest elephants (Bush et al. 2020), savannah elephant (Trimble et al. 113 

2009), multiple species (Abraham et al. 2025)]. Such bottom-up regulation can shape the 114 

climatic control of population dynamics, for example, through effects of starvation on 115 

thermoregulation (Fuller et al. 2016). Second, most megaherbivores may be vulnerable to 116 

temperature extremes because their relatively low surface-area/body-volume ratio limits 117 

dissipation of body heat (Weissenböck et al. 2012; Dunkin et al. 2013). As vegetation 118 

productivity can modify the impact of temperature extremes by influencing forage and 119 

shade availability, considering its effects on demography can shed light on climate-linked 120 

threats to megaherbivores. 121 
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This paper investigates the concurrent effects of temperature, rainfall and vegetation 122 

productivity in the Asian elephant, a megaherbivore with profound role in ecosystem 123 

functioning (Sukumar 2003; Campos-Arceiz and Blake 2011). While such long-lived 124 

species with a slow pace-of-life are said to be generally buffered against short-term 125 

climatic disruptions (Morris et al. 2008), a comprehensive understanding is still 126 

developing for the three extant elephant species. Studying elephants can offer crucial 127 

insights about demographic processes in distinct habitats of megaherbivores, because 128 

their distribution ranges show large inter-species differences in environmental stressors 129 

(Dunkin et al. 2013; Sukumar 2003). Most past studies have focused on the semi-arid and 130 

open canopy habitats where savannah elephants occur, whereas limited understanding 131 

exists for the hot, humid and dense-canopy niches occupied by the African forest 132 

elephant and the Asian elephant. Even in the case of savannah elephants, studies have 133 

often relied on coarse datasets obtained from surveys conducted by park management 134 

(Trimble et al. 2009; Wato et al. 2016; Duncan et al. 2012). However, as such long-lived 135 

species exhibit a large age-dependent variation in mortality and fertility (Lee et al. 2011; 136 

Lahdenperä et al. 2018), demographic consequences of climate are more reliably 137 

understood from individual-based records. For example, long-term monitoring of 138 

elephants in Amboseli, Kenya, has revealed not only immediate negative impacts of 139 

droughts on conceptions and survival, but that early-life experience of droughts can also 140 

compromise survival and reproduction in later ages (Lee et al. 2022; 2011; 2013), effects 141 

that appear to be linked with forage availability (Boult et al. 2018; Wato et al. 2016; 142 

Rasmussen et al. 2006). However, a critical missing piece in this knowledge is how these 143 

populations responded to temperature regimes.  144 
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To advance this understanding, we analysed four decades of mortality data derived from 145 

individual-based records of semi-captive Asian elephants in Myanmar, representing the 146 

world’s largest semi-captive elephant population occupying hot and humid habitats. 147 

Detailed records of these elephants maintained by the Myanma Timber Enterprise (MTE) 148 

offer rich long-term demographic data (Mar et al. 2012). This dataset is particularly 149 

suited to analyse mortality because ages are accurately known for most elephants, and the 150 

exceptionally large sample size it offers is essential to quantitatively model mortality in 151 

such species with overall high survival. Crucially for our study, the wide geographical 152 

spread of these elephants facilitates statistically powerful analyses of the environmental 153 

drivers of mortality across a wide bioclimatic niche (12 administrative divisions of 154 

Myanmar, henceforth called divisions, Fig 1, SI Fig S2). These attributes of demographic 155 

data are very difficult to achieve for wild populations. While these elephants are used in 156 

timber extraction activities for an average five to six hours a day, they spend most of the 157 

day foraging on naturally available plants in the same forests used by wild elephants (Mar 158 

et al. 2012; Dierenfeld et al. 2020). Therefore, the effects of environment and habitat 159 

conditions on them are expected to be closely comparable to wild elephants and distinct 160 

from captive elephants in zoos, as indicated by mortality rates that are closer to wild 161 

populations rather than zoo elephants (De Silva et al. 2013; Mar et al. 2012). Advancing 162 

the previous considerations of climatic predictors in isolation, we here examine 163 

vegetation productivity as a key predictor as its potential bottom-up effects can shed light 164 

on the survival consequences of temperature regimes seen in this population. Previously, 165 

Mumby et al. (2013) analysed a smaller dataset restricted to two divisions and found 166 

substantially higher mortality in both hot and cold conditions, relative to monthly average 167 
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temperatures of ~24 °C which supported highest survival. We hypothesized that high 168 

mortality in hot and cold months could be underpinned by seasonal drops in vegetation 169 

productivity. Furthermore, we expected that elephants in habitats with greater vegetation 170 

productivity would be buffered against stress from extreme temperatures, because of 171 

forage and shade advantage. We examined these two potential explanations by isolating 172 

the effects arising from the spatial differences across divisions in annual vegetation 173 

productivity as captured by remotely sensed Normalized Difference Vegetation Index, 174 

i.e., NDVI (Pettorelli et al. 2011) and its seasonal fluctuations (Methods). Specifically, 175 

we tested seven predictions:  176 

 177 

P1. Low rainfall increases mortality. 178 

P2. Extreme temperatures increase mortality (i.e., U-shaped effects of temperature). 179 

P3. Low rainfall intensifies effects of extreme temperatures (interaction effects).  180 

P4. Divisions with higher vegetation productivity have lower mortality.  181 

P5. Divisions with higher vegetation productivity are buffered against the effects of 182 

extreme temperatures (interaction effects).  183 

P6. Seasonal declines in vegetation productivity increase mortality. 184 

P7. The effects of extreme temperatures weaken after accounting for the effects of 185 

vegetation seasonality (both additive and interaction effects).  186 

 187 
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 188 

Figure 1. The wide environmental niche covered in this study a) Distribution of 189 

demographic data in different administrative divisions (see also Fig. S1), and distribution 190 

of elephant deaths along: b) temperature and rainfall, c) NDVI and rainfall, and d) 191 

temperature and NDVI. Data points represent monthly within-division values during 192 

1982–2020 and are pooled across all age and sex classes analysed (Methods). Box-plots 193 

show the distribution of the environmental variable. 194 

 195 
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RESULTS 196 

Demographic and environmental data: We used life records of 4,457 elephants to prepare 197 

a time series of monthly mortality, the binomial response variable which was specified as 198 

a two-column matrix of number of deaths and total elephants present, for each of the 12 199 

administrative divisions, spanning January 1982 to December 2020 (Fig. 1, Methods). 200 

These time series were obtained for 10 different age-sex classes within each division 201 

(sex: males, females; age: juveniles (1month–4 years), subadults (4–10 years), young 202 

adults (10–18 years), prime-age adults (18–40 years), old adults (>40 years), Methods). 203 

Next, we obtained the monthly time-series of environmental predictors, i.e., total rainfall, 204 

average daily temperature at 2m above ground, and two aspects of primary productivity 205 

of vegetation (measured as remotely-sensed NDVI, Pettorelli et al. 2011): NDVIdiv, 206 

reflecting a division’s annual mean primary productivity, and NDVIwithin-year, i.e., monthly 207 

deviation from NDVIdiv and thus reflecting seasonality in primary productivity 208 

(Methods). Furthermore, to explore potential survival consequences of these 209 

environmental predictors over a larger cumulative window of effects than the current 210 

focal month, we also recomputed the time-series as the rolling sums of rainfall and 211 

rolling averages of temperature and NDVIwithin-year, for up to four months including the 212 

current month (Methods). Our final dataset included observations for 43,257 division-213 

months across age, sex categories and years. The raw average monthly mortality rate was 214 

0.343% and an annualized mortality rate of 4.05%. Using this dataset, we developed 28 215 

candidate models of monthly elephant mortality using generalized linear mixed effects 216 

models (GLMM, beta-binomial error structure, Methods), as described below.  217 
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Baseline model: Our baseline GLMM accounted for the heterogeneity in monthly 218 

mortality risk across age, sex and division categories (fixed effects), while accounting for 219 

the random effects of current year and the temporal autocorrelation across months. The 220 

overall predicted monthly mortality risk was 0.22% across all age, sex and division 221 

classes (based on emmeans). Monthly mortality risk was higher in males (0.24%) than 222 

females (0.20%). Young adults (0.09%) and prime-age adults (0.11%) were least likely to 223 

die than juveniles (0.34%) and old adults (0.39%). There was also geographical variation 224 

in mortality across divisions (Fig. S5). 225 

 226 

The effects of rainfall, temperature and vegetation productivity on elephant mortality: 227 

Rainfall, temperature and NDVI showed large variation and were only weakly correlated 228 

in our dataset (Fig. 1, Pearson’s r <0.45). To evaluate the effect of these predictors, we 229 

examined several candidate models extending the baseline model by considering additive 230 

effects as well as the two-way interactions between temperature and rainfall, and between 231 

temperature and NDVI variables (Table S2, Methods). Based on preliminary inspections 232 

of non-linear effects (Methods, SI text b), we specified non-linear effects only for 233 

temperature (natural splines, df=2, Methods), whereas linear effects were retained for 234 

other predictors. To limit model complexity, we did not include interactions between 235 

environmental variables and categorical variables such as age, sex or division. Our focus 236 

was on inferring population-level responses, but we acknowledge that responses may 237 

vary across demographic and spatial groups.  238 

 239 
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Table 1. The confidence set of top models of monthly mortality (ΔAIC ≤ 6.0 relative to 240 

top model). b = baseline model which includes the fixed effects of age, sex and division 241 

categories, and random effects of year and temporal autocorrelation across months 242 

(AIC=12216.41). r = rainfall, r3 = rainfall summed over three months, t = temperature 243 

(natural splines, df=2), nd = annual mean NDVI of the division, nw= within-year centered 244 

NDVI. See Table S2 for AIC-based comparison and AICw of all models explored. 245 

Model k AIC ΔAIC AICw Model rank 

b + r3 + (t × nd) 27 12146.9 0.000 0.505 1 

b + r3 + t + nd 25 12149.24 2.334 0.157 2 

b + (r3 × t) + (t × nd) 29 12149.68 2.772 0.126 3 

b + r3 + t + nd + nw 26 12150.95 4.046 0.067 4 

b + (r3 × t) + (t × nd) + nw 30 12151.12 4.212 0.061 5 

b + (r3 × t) + nd 27 12152.09 5.186 0.038 6 

b + (r × t) + (t × nd) + nw 30 12152.68 5.777 0.028 7 

 246 

From all 28 candidate models, we identified a confidence set of competing models within 247 

six AIC points of difference with the best-supported model (Harrison et al. 2018); these 248 

models accounted for over 98% total model weight and substantially outperformed the 249 

baseline model (Table 1). To make inferences that account for the uncertainty arising 250 

from model selection, we evaluated the consistency of estimated effects across the subset 251 

models containing each predictor, focusing on both the direction and magnitude of 252 

effects, rather than relying on a single best-fitting model. For all predictors, the direction 253 

of estimated marginal effects (i.e., effect at mean/reference values of other predictors) 254 

was largely consistent across models containing them, although their magnitude varied. 255 
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Below, we report the marginal means of estimated changes in the odds of mortality 256 

obtained from these models summarized in Table 2 and Table S4–S7. 257 

 258 

Rainfall effects: Consistent with Prediction 1, elephant mortality strongly declined with 259 

rainfall in all models, with more support for the effect of 3-month cumulative rainfall 260 

than current-month rainfall (Table 1). An increase in 3-month cumulative rainfall by one 261 

standard deviation (SD=496 mm, relative to mean=501 mm) significantly reduced the 262 

odds of mortality by 17.5–20.4% (Figure 2, Table 1, Table S4-S6), similar to the 17.6% 263 

reduction in mortality associated with one SD increase in current-month rainfall (SD=191 264 

mm, mean=168 mm) (Table S7).  265 

 266 

Temperature effects and their buffering by NDVIdiv: Consistent with Prediction 2, 267 

temperature showed well supported non-linear effects on mortality, with strong support 268 

for the magnitude of such effects to depend on NDVIdiv and/or rainfall (Table 1, Table 269 

S4–S7). Mortality risk was higher at extreme temperatures especially when NDVIdiv was 270 

low, with these U-shaped effects being asymmetric and marked by stronger effects of 271 

heat than cold (Figure 1). At low NDVIdiv, a one SD increase in temperature (i.e., at 272 

26.87 °C vs. at mean=23.67 °C) increased the odds of mortality by 17.9–32.5% (P<0.05) 273 

whereas a one SD decrease in temperature (i.e., at 20.45 °C) had weak non-significant 274 

effects (3.9–19.6%, P>0.05) (Table 1, Tables S5, S7). Only more extreme cold 275 

temperatures (two SD below the mean or 17.23 °C) significantly increased mortality risk 276 

(by 25.7–101%) but similarly extreme hot temperatures markedly inflated the mortality 277 
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risk (by 62.8–151%) at low NDVIdiv. Similar non-linear trends were also observed at 278 

mean NDVIdiv but the effects were statistically not significant for up to two standard 279 

deviations from mean temperature in three out of four models containing the temperature 280 

× NDVIdiv interaction (Table 2, Tables S5, S7). Notably, high NDVIdiv completely 281 

buffered against such effects of temperature extremes, consistent with Prediction 5 (Fig. 282 

2, Fig. S6). We found robust support for U-shaped effects of temperature as all top 283 

models containing spline effects with df=2 were supported well relative to their variant 284 

models where we altered the shape of temperature effects using splines (df=1–4, Table 285 

S3). However, the asymmetric shape of temperature effects inferred from its spline terms 286 

(df=2) received only marginally better support than models with symmetric quadratic 287 

effects (Table S3).   288 

 289 

 290 

 291 

 292 

 293 

 294 

 295 

 296 

 297 
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Effects based on top-ranked model: prob. (mortality) ~ b + r3 + (t × nd) 

 

 298 

Figure 2.  Effects based on the top-ranked model. Predicted mortality rates across 299 

standardized effects of a) 3-month cumulative rainfall, b) temperature (response shown 300 

for three discrete NDVIdiv values due to interaction effects), and c) NDVIdiv, i.e., annual 301 

mean vegetation greenness in a division (response for three discrete temperature values); 302 

d) Changes in odds of mortality with respect to mean value for environmental predictors. 303 

Response curves were obtained using emmeans and are averaged across age, sex and 304 

division categories.  b = baseline model terms described in Results. 305 

 306 
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Amplification of temperature effects by rainfall: The interactive effects of temperature 307 

and rainfall on elephant mortality contradicted Prediction 3, which expected low rainfall 308 

to intensify the effects of temperature extremes. Instead, an increase in rainfall, while 309 

enhancing survival at mean temperatures, amplified mortality under temperature 310 

extremes, particularly under hot conditions (Figure 3). However, the magnitude of such 311 

amplification depended on the time window considered for rainfall: the effects of heat 312 

were amplified more strongly by current-month rainfall than by rainfall summed over a 313 

3-month window, which emphasizes immediate than delayed impacts (Figure 3). Relative 314 

to mortality at mean values of all predictors, a concurrent one SD increase in temperature 315 

and current-month rainfall increased the odds of mortality by 57.6% (Table S7) whereas 316 

this increase was 24.5–27% for 3-month rainfall (Table S5–S6); this trend was stronger at 317 

more extreme hot temperatures (Figure 3).  318 

 319 

Effects of NDVIdiv and NDVIwithin-year: All top models unanimously supported a buffering 320 

effect of NDVIdiv (Prediction 4, Figure 2), with a one SD increase in NDVIdiv associated 321 

with a 17.5–52.3% decline in the odds of mortality (Table 1, Table S4–S7). NDVIdiv also 322 

strongly buffered against the effects of temperature extremes, as mentioned above. In 323 

contrast, we found weak support for the effect of vegetation seasonality (Prediction 6), as 324 

the odds of mortality increased by only 2–8.6% with a one SD increase in NDVIwithin-year 325 

which captures the seasonal deviation from NDVIdiv (Table S4–5, S7). Finally, we did 326 

not find support for Prediction 7 that the estimated effects of temperature extremes may 327 

be underpinned by seasonal drops in vegetation productivity. The presence or absence of 328 
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NDVIwithin-year in a model had low or negligible influence on the estimated effects of 329 

temperature extremes, as accounting for NDVIwithin-year effects only marginally reduced 330 

the estimated effects of heat and marginally increased the estimated effects of cold 331 

extremes (Table S4–5, S7). In our dataset, months with lowest NDVIwithin-year overlapped 332 

with temperature peaks (March–May) whereas the coldest months (December–February) 333 

marked the onset of decline in NDVIwithin-year (Fig. S7).  334 

 335 

 336 

 337 

 338 

 339 

 340 

 341 

 342 

 343 

 344 

 345 

 346 

 347 
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a) Temperature × rainfall interaction based on 

model ranked 3: mortality ~ b + (t × r3) + (t × nd) 

 

 

b) Temperature × rainfall interaction based on model 

ranked 7: mortality ~ b + (t × r) + (t × nd) + nw 

 

 

 

c) Effect sizes based on model 7 
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Figure 3. The interactive effects of temperature and rainfall on predicted elephant 348 

mortality rates based on a) temperature × 3-month rainfall interaction (from model ranked 349 

3) and b) temperature × current-month rainfall interaction (from model ranked 7), and c) 350 

Effect sizes obtained from the model containing effects from current-month rainfall and 351 

within-year centered NDVI (model ranked 7). In panels a and b, predicted mortality rates 352 

across standardized values of temperature are shown for three discrete values of rainfall 353 

due to interaction effects. Response curves were obtained using emmeans and are 354 

averaged across age, sex and division categories. 355 

 356 

  357 
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Table 2. Effect sizes expressed as odds of mortality for different fixed effects in the top-358 

ranked model. The odds of mortality are with respect to mortality at the reference 359 

category for categorical predictors and at the mean value for continuous predictors.  360 

Effect 

 

Odds of 

mortality 

95% CI 

(low) 

95% CI (high) P 

Age class (ref: juvenile) 1.0 - - - 

Age: subadult  0.987 0.832 1.172 0.885 

Age: young adult  0.267 0.214 0.333 <0.001 

Age: prime-aged adult  0.327 0.279 0.385 <0.001 

Age: old adult 1.136 0.968 1.333 0.117 

Sex (ref: female) 1.0 - - - 

Sex: Male 1.213 1.094 1.345 <0.001 

Division (Ref: Ayeyarwaddy) 1.0 - - - 

Division: Bago East 1.338 0.634 2.821 0.445 

DivBago West 0.805 0.387 1.673 0.561 

DivChin 2.995 1.308 6.855 0.009 

DivKachin 4.009 1.819 8.834 0.001 

DivMagway 1.063 0.527 2.141 0.865 

DivMandalay 1.170 0.567 2.416 0.671 

DivNay Pyi Taw 1.929 0.905 4.111 0.089 

DivRakhine 2.065 0.935 4.561 0.073 

DivSagaing 1.411 0.690 2.887 0.346 

DivShan North 2.957 1.394 6.275 0.005 

DivShan South 1.490 0.668 3.325 0.330 

Continuous predictor (Ref: mean) 1.0 - - - 

3-month rainfall (+1 SD) 0.816 0.761 0.875 0.000 

NDVIdiv: +1SD (at mean temp*)  0.746 0.602 0.925 0.004 

NDVIdiv: - 1SD (at mean temp*) 1.340 1.081 1.661 0.004 

*Temp: +2 SD (at mean NDVIdiv) 1.244 0.967 1.600 0.090 

*Temp: +1 SD (at mean NDVIdiv) 1.082 0.986 1.188 0.094 

*Temp: -1 SD (at mean NDVIdiv) 0.997 0.942 1.056 0.930 
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*Temp: -2 SD (at mean NDVIdiv) 1.054 0.901 1.232 0.512 

*Temp: +2 SD (at +1 SD NDVIdiv) 0.950 0.629 1.434 0.806 

*Temp: +1 SD (at +1 SD NDVIdiv) 0.994 0.852 1.158 0.934 

*Temp: -1 SD (at +1 SD NDVIdiv) 0.958 0.876 1.047 0.341 

*Temp: -2 SD (at +1 SD NDVIdiv) 0.883 0.694 1.124 0.313 

*Temp: +2 SD (at -1 SD NDVIdiv) 1.628 1.234 2.149 0.001 

*Temp: +1 SD (at -1 SD NDVIdiv) 1.179 1.067 1.303 0.001 

*Temp: -1 SD (at -1 SD NDVIdiv) 1.039 0.959 1.126 0.350 

*Temp: -2 SD (at -1 SD NDVIdiv) 1.257 1.004 1.574 0.046 

Marginal effects for continuous predictors were obtained by generating predicted log-odds using 361 
emmeans, keeping other effects constant, and then exponentiating to obtain a marginal odds ratio 362 
(contrasts obtained using revpairwise method and response type). *As temperature involves 363 
interactions and non-linear effects (spline terms), its predicted marginal effects for up to 2SD 364 
difference from mean temperature are shown at three discrete NDVIdiv values.  365 

 366 

 367 

 368 

DISCUSSION  369 

Our study fills an important gap in understanding the demographic impacts of climatic 370 

variation in animals with exceptionally large body size and slow life-histories. Mortality 371 

in this population of Asian elephants increased at temperature extremes, but such U-372 

shaped effects of temperature depended on vegetation productivity and rainfall, 373 

underlining effects from multiple stressors. Our findings also suggest considerable 374 

bottom-up regulation, as high vegetation productivity of divisions not only reduced 375 

mortality but also strongly buffered elephants from the effects of temperature extremes. 376 

Since mortality is a key determinant of population growth, these findings highlight 377 

multiple pathways through which climate change can affect megaherbivore populations.   378 
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The complex survival consequences of temperature regimes 379 

Despite the recognition that global warming threatens endotherms, its demographic 380 

consequences in megaherbivores remain poorly known due to the scarcity of individual-381 

based data (Boyles et al. 2011; Hetem et al. 2014; Fuller et al. 2016). Addressing this 382 

gap, we show that both extreme hot and cold temperatures negatively impacted survival 383 

in the Asian elephant, with such effects strongly evident at low vegetation productivity 384 

and high rainfall. To our knowledge, the giraffe is the only other megaherbivore where 385 

the survival consequences of temperature regimes were quantified using individual-based 386 

data, and it was found that their mortality was high in cold but not hot conditions (Bond 387 

et al. 2023). The tolerance of giraffes to heat may result from morphological features 388 

facilitating heat loss through increased body surface area (e.g., long neck and legs) and 389 

thus providing buffering against high heat stress (Bond et al. 2023). In contrast, high 390 

temperatures may impose greater heat stress in other megaherbivores whose “roundish” 391 

body outline does not provide optimal body surface-area/volume ratio for effective 392 

thermoregulation (e.g., all species of rhinos, elephants and hippos). In such animals with 393 

low surface-area/volume ratio, heat dissipation is slow and may be mostly effective 394 

during cool nights (Weissenböck et al. 2012). While elephants have large ears that help 395 

dissipate heat through increased surface area and high density of blood vessels (Dunkin et 396 

al. 2013), high mortality in hot conditions indicates that such functions of ears were 397 

insufficient to overcome heat stress. Therefore, other “round-bodied” megaherbivores, 398 

which have smaller ears than elephants, are expected to face similar or worse 399 

demographic impacts of temperature extremes. In our study population, while the 400 

seasonality of workload may certainly influence stress experienced by elephants (Mumby 401 
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et al. 2015), it is noteworthy that the hot season coincides with the resting season 402 

(March–June), implying heat stress rather than workload as the underlying contributor to 403 

mortality in hot months.  404 

 405 

Our analyses elucidate multiple aspects of the U-shaped effects of temperature found 406 

earlier based on a smaller dataset (Mumby et al. 2013). First, by expanding our analyses 407 

to a broader geography and environmental space (Fig. S2), we show that negative 408 

survival consequences of extreme heat and cold are stronger under low annual vegetation 409 

productivity of administrative divisions, whereas high vegetation productivity buffers 410 

against such effects (discussed below). Second, our findings suggest an asymmetric shape 411 

of temperature effects, with heat having stronger effects than cold. These findings point 412 

towards a stronger demographic signal in the hot range rather than the cold ranges of 413 

temperature regimes, although we also found considerable support for the symmetric 414 

effects of both heat and cold (Table S3) identified previously (Mumby et al. 2013). Third, 415 

we ruled out seasonal drops in vegetation productivity as an underlying explanation for 416 

the effects of temperature extremes, which remained strong even after controlling for 417 

vegetation seasonality (Figure S6, Table S4–5, S7). In fact, temperature was only weakly 418 

correlated with vegetation seasonality measured as NDVIwithin-year which declined only 419 

moderately in the coldest months (December–February). However, hot months coincided 420 

with the largest drop in NDVIwithin-year (Fig. S6) which may explain its weak influence on 421 

the estimated effects of heat (Table S4, S7). Finally, contrary to our expectation that low 422 

rainfall would intensify the effects of heat on mortality, we instead found intensified 423 
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effects of heat at high rainfall (Figure 3), suggesting that high humidity amplifies heat 424 

stress. This appears consistent with elevated fecal glucocorticoid concentrations in a 425 

subset of this population during June–August when both heat and rainfall are high (but 426 

also coinciding with onset of work season, Mumby et al. 2015), which highlights the 427 

need to directly assess the link between physiological responses and heat-humidity stress.    428 

 429 

Multiple biological mechanisms could have generated such U-shaped effects of extreme 430 

temperatures and their amplification by high rainfall. First, inflated mortality in months 431 

with concurrently high rainfall and temperature could arise from the limits placed by high 432 

humidity on dissipation of heat via evaporation. Negative impacts of concurrently hot and 433 

humid conditions are often seen in animals, including humans where few hours of 434 

exposure to “wet-bulb temperatures” above 35 °C can be lethal because high humidity 435 

constrains heat dissipation through evaporation and sweating (Raymond et al. 2020; 436 

Coulson et al. 2025). Such lethal thresholds of wet-bulb temperature may possibly be 437 

lower in megaherbivores whose skin has very few sweat glands and thus can dissipate 438 

heat largely through pores (eg., all species of elephants and rhinos, but not giraffes). 439 

Second, while behavioural adjustments like seeking shade, mud-bathing and sprinkling 440 

water on body can ease thermoregulation, these behaviours reduce foraging opportunities 441 

(Mole et al. 2016; Baskaran et al. 2010). The resulting starvation can limit 442 

thermoregulatory abilities (Rey et al. 2017), potentially promoting a costly spiral of 443 

starvation and body heating impacts. As larger animals have greater food requirements 444 

and foraging time (Owen-Smith 1988), how climate effects vary along the body size 445 
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continuum is an interesting arena for future investigations. Third, mortality in cold 446 

conditions could result from the physiological costs of navigating cold stress (Khaliq et 447 

al. 2014). Minimum temperatures in Myanmar dropped to below 12 °C in several years 448 

(averages in Figure S6, and often below 0 °C in some places) which can generate cold 449 

stress. With increasing body size, refuges to escape cold become non-existent (unlike 450 

burrows available to small mammals), whereas huddling together for warmth for 451 

prolonged hours comes with foraging costs. Incidentally, deaths from “general weakness” 452 

as diagnosed by veterinarians are more likely under cold conditions in this population 453 

(Mumby et al. 2013). Furthermore, in our study, higher mortality in cold conditions was 454 

mostly evident at low annual vegetation productivity. Fourth, extreme temperatures may 455 

also promote disease-linked mortality through proliferation of pathogens, parasites and 456 

their vectors adapted to such extremes (Cohen et al. 2018; Nuttall 2022). In this 457 

population, mortality linked with infectious diseases is more common in hot and wet 458 

months whereas deaths linked with non-infectious diseases occurred more in cold months 459 

(Mumby et al. 2013). Ultimately, the emergent shape of the temperature-mortality curve 460 

may depend on the cumulative effects of distinct causes of deaths.  461 

 462 

High vegetation productivity buffers megaherbivore populations 463 

Consistent with the strong bottom-up limitation expected for megaherbivores, we found 464 

that elephant survival was substantially better in divisions with high annual mean NDVI, 465 

which also provided a buffer against the negative impacts of extreme temperatures. This 466 

buffering observed in high-NDVI divisions likely reflects enhanced habitat suitability 467 
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(e.g., in Sumatra: Rood et al. 2010) which may arise from multiple vegetation attributes. 468 

NDVI could partly reflect the productivity or diversity of elephant food plants, but only 469 

ground-truthing can verify this relationship at such large scales. For instance, NDVI did 470 

not reflect the abundance of common food species at very fine scales in southern India’s 471 

forests (Gautam et al. 2019). However, that study assumed that grass dominates elephant 472 

diet, whereas later work found elephants in the same forests to predominantly feed on 473 

browse (Gautam et al. 2025) which may be better captured by NDVI. Alternately, better 474 

survival in high-NDVI habitats could also arise from microclimatic buffering provided by 475 

dense canopy shade against heat spikes (Santos et al. 2026). However, since NDVI may 476 

also be correlated with forest management practices and other differences among 477 

divisions, the mechanisms underlying improved survival in high-NDVI habitats require 478 

further investigation.   479 

 480 

While vegetation seasonality, captured as NDVIwithin-year, weakly improved survival, it 481 

was not the underlying explanation of high mortality at temperature extreme. These 482 

effects of NDVI seasonality may have been limited due to its failure to capture other 483 

seasonal aspects of vegetation that are important for elephants. For example, NDVI may 484 

have poorly captured forage quality. Like in other herbivores (Drescher et al. 2006), it is 485 

possible that elephant forage also shows seasonal maturation that accompanies build-up 486 

of less nutritional tissues and chemical defenses. In such scenarios, peak forage quality 487 

may coincide with intermediate rather than peak vegetation greenness. Incidentally, crude 488 

protein content in the common food plants (and in milk) of a subset of elephants from our 489 
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study population was low during December–February, a period when NDVI is not the 490 

lowest (Fig. S4) relative to July–Sept in monsoon when forage quality was better 491 

(Dierenfeld et al. 2020) but NDVI was only moderately high.  492 

 493 

Threats and silver linings in a changing world  494 

Studies on animal life-histories emphasize that demographic impacts of environmental 495 

disruptions generally vary along the slow-fast continuum, with the populations of short-496 

lived species typically being more sensitive whereas long-lived species appear more 497 

buffered against short-term perturbations (Morris et al. 2008; Jackson et al. 2022). While 498 

we did not quantify population growth rates, our findings based on individual-level data 499 

at a very fine temporal resolution demonstrate detectable demographic consequences of 500 

environmental variation, consistent with findings on other long-lived species (Bond et al. 501 

2023; Lee et al. 2011; Ndlovu et al. 2023). These mortality responses are particularly 502 

relevant for modelling population persistence of megaherbivores whose low reproductive 503 

rates imply slow recovery after demographic disruptions.  504 

 505 

The empirical patterns emerging from this large population inform predictions on how 506 

long-lived, large-bodied animals may respond to climate change. First, the U-shaped 507 

effects of temperature imply that global warming would elicit divergent demographic 508 

responses in hot vs. cold conditions. While a shift towards more extreme heat would 509 

increase mortality during summers, survival in cold periods may improve as warming 510 
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may shift populations to the less steep parts of the cold-response curve, possibly 511 

offsetting some deaths from hot months. However, the net demographic impacts of global 512 

warming may still be unfavourable, because i) mortality itself increased more in response 513 

to heat than cold in our study, ii) night-time temperatures, which generally facilitate loss 514 

of body heat gained during the day (Weissenböck et al. 2012; Dunkin et al. 2013), are 515 

expected to increase more than day-time temperatures (Anderegg et al. 2015), and iii) 516 

these tropics are projected to face intensification of extreme heat whereas extreme cold 517 

may become dampened (Kodra and Ganguly 2014). Second, mortality risk arising from 518 

concurrently hot and humid conditions may increase because extreme heat and 519 

precipitation events in the tropics are projected to increase by over 70% (Tang et al. 520 

2025). Such risks from concurrent heat and humidity may be greater in hot-and-humid 521 

habitats than hot-and-dry habitats; incidentally, such effects are not seen in individual-522 

based studies from dry habitats of Africa (Bond et al. 2023; Thorley et al. 2025). Third, 523 

an interesting plausibility is the projected long-term rise in vegetation productivity in the 524 

tropics (as photosynthetic performance by plants may increase due to warming and CO2 525 

fertilization, Nemani et al. 2003; Pan et al. 2014). This could be another silver lining for 526 

large herbivores if canopy shade and forage production increase with vegetation 527 

productivity, assuming that existing habitats are not lost to human activities. Fourth, more 528 

frequent pulses of herbivore mortality may result from greater frequency of droughts 529 

associated with increasingly erratic rainfall patterns in this region (Roxy et al. 2017). 530 

Finally, our findings of the deadly consequences of concurrent effects emphasize future 531 

challenges for megaherbivores, as climate change may create challenging local niches 532 

with multiple stressors.  533 
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 534 

In summary, our findings demonstrate that megaherbivore populations are regulated by 535 

the concomitant effects of vegetation productivity, rainfall and temperature regimes. 536 

Given the broad spatial extent and fine temporal resolution of our analyses, similar 537 

responses may be common in hot and humid habitats of Asia that support diverse but 538 

understudied assemblages of large herbivores. Our findings can help in identifying 539 

conditions posing demographic risks under climate change, informing both the 540 

management of semi-captive elephants and future rewilding efforts (Thitaram et al. 541 

2024). Finally, long-term demographic data from wild populations remain essential to 542 

evaluate the generality of our findings, although demographic datasets with comparable 543 

spatiotemporal extent, resolution and bioclimatic breadth are extremely difficult to obtain 544 

for wild elephants, which highlights the unique value of this population for understanding 545 

climate-linked threats. Future comparisons between wild and semi-captive elephants 546 

inhabiting comparable bioclimatic niches could further clarify the extent to which our 547 

findings are generalizable.  548 

 549 

 550 

MATERIALS AND METHODS 551 

Demographic data: With exceptionally large body size, slow life history and long 552 

lifespan, the Asian elephant is an excellent model species to understand how long-lived 553 

megafauna are affected by climate change. We used the individual-based demographic 554 
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records from Myanmar’s timber elephant population (Mar et al. 2012; Lahdenperä et al. 555 

2018). This population occupies habitats ranging from evergreen, moist deciduous, dry 556 

deciduous and mixed deciduous, as well as savanna woodlands and scrub habitats (land-557 

cover classes based on data from Myanmar Information Management Unit: 558 

https://themimu.info), thus encompassing a large diversity of hot and humid habitats 559 

where Asian elephant populations are found and for which climate effects on 560 

megaherbivores are poorly understood. Ages are accurately known for individuals born in 561 

captivity that represent two-thirds of all individuals in our final dataset (called captive-562 

born, N=2837), whereas ages were estimated by MTE officials at the time of capture for 563 

the remaining one-third elephants that were captured from the wild (called wild-caught, 564 

N=1620) to sustain this population, although wild capture is illegal in Myanmar since 565 

1990s. We extracted demographic data for the study period January 1982–December 566 

2020 for all individuals which could be assigned to one of Myanmar’s administrative 567 

divisions or states (Figure S1) and excluded all individuals that were known to be 568 

translocated across divisions. We chose January 1982 as the start of our study period 569 

because before 1982 full-year monthly series were not available for a key predictor, 570 

NDVI (see below). We applied left-censoring to months before January 1982 (for all 571 

individuals born before and alive then) whereas right-censoring was done to exclude the 572 

months after the individual disappeared from the dataset due to death or was no longer 573 

tracked. 574 

 575 
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We then created a monthly time-series of each individual’s mortality status (1/0) while 576 

updating their age in subsequent months. The ages were binned into five exclusive age 577 

classes defined a priori to reflect the distinct life stages of these elephants: juveniles (1 578 

month to 4 years when the individual is usually separated from the mother for 579 

taming/training), subadults (4–10 years, the approximate age when females can give 580 

birth), young non-working adults (10–18 years after which individuals join the 581 

workforce), prime-age working adults (18–40 years) and old adults (>40 years). We 582 

excluded neonates (<1month) because their mortality depends heavily on condition at 583 

birth and maternal factors (condition during gestation and lactation) than to the 584 

environment and is higher than other classes by an order of magnitude. Finally, using 585 

these time-series of all individuals within each administrative division, we obtained a 586 

composite time series of age-specific monthly mortality, specified as the total number of 587 

deaths and total number of individuals of each age-sex class present in each division 588 

during each month, spanning January 1982–December 2020. We excluded Tanintharyi 589 

division because of the poor quality of data for a key predictor, NDVI (see below; 590 

Tanintharyi also had smallest sample size). This space/time-based filtering resulted in a 591 

dataset with 4,457 individuals with known sex, age and division location for the whole 592 

study period.  593 

 594 

Climate and vegetation productivity data: We obtained climate and vegetation data for 595 

spatial extents where these elephants are managed by MTE within each of the 12 596 

administrative divisions represented in the filtered demographic dataset. To only retain 597 
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areas within the distribution range of these elephants, we excluded from each division’s 598 

polygon all the townships where MTE does not operate, as well as areas under 599 

agricultural land-use (division and township .shp files obtained from 600 

https://themimu.info). Matching the division-months in demographic data, we then 601 

extracted the monthly time-series for total rainfall (CHIRPS, Funk et al. 2015) and 602 

average daily temperature at 2m (ERA5 LAND daily aggregates, Muñoz-Sabater et al. 603 

2021), using Google Earth Engine (Gorelick et al. 2017). These rainfall and temperature 604 

data products proved reliable as we found a good agreement with weather station data in 605 

four townships (Pearson’s r = 0.90 for temperature and 0.81 for rainfall, SI text a). These 606 

time-series were obtained as averages across pixels in each division. As a proxy of 607 

primary productivity of vegetation, we obtained the NDVI, a vegetation index widely 608 

used in animal ecology (Pettorelli et al. 2011). To extract the time-series for NDVI 609 

spanning the full study period, we sourced satellite remote sensing data from MODIS 610 

(MOD13A1 16-day composite product, 2000 onwards) and AVHRR (daily NDVI, before 611 

2000) at a common resampled resolution of 1 km2. AVHRR images are available at daily 612 

resolution but images on some days can be of poor-quality due to clouds, haze, etc., 613 

whereas MOD13A1 uses best-pixel compositing strategy based on quality-controlled 614 

images to minimize such effects. To apply such a best-pixel compositing strategy to 615 

AVHRR data, we selected images after applying quality-assurance masking (high-616 

quality, snow-free, cloud-free filters) and then extracted monthly maximum NDVI for 617 

each pixel within each month. This approach proved valid since it yielded a strong 618 

positive correlation between processed AVHRR and MODIS NDVI raw measurements 619 

for the months when both sources were available (overall Pearson’s r =0.84; Tanintharyi 620 
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division was excluded as it showed poor agreement between these two datasets, 621 

scatterplots in Figure S3). We then obtained the two time-series of mean NDVI (across 622 

all pixels of each division) per month for the full study period. We developed the final 623 

NDVI time-series using MODIS data whenever available and AVHRR data otherwise.  624 

 625 

Since we wanted to separate the effects arising from the seasonality of vegetation and the 626 

annual mean NDVI of the division, we employed within-subject centering approach (van 627 

de Pol and Wright 2009) to decompose monthly NDVI series into two distinct time 628 

series: a) NDVIdiv i.e., a division’s annual mean NDVI (that remains same for all months 629 

in a year) and b) NDVIwithin-year or within-year centred NDVI within each division, 630 

reflecting monthly deviation from NDVIdiv. All the four environmental variables were 631 

then scaled (with mean = 0 and SD =1) to make their effect sizes comparable in statistical 632 

models described below.  633 

 634 

Statistical analyses: We used these demographic and environmental data to build 635 

GLMMs with binomial or beta-binomial error structure using the R package glmmTMB 636 

(Brooks et al. 2017). Our main response variable was mortality (binomial outcome) and 637 

modeled as a two-column matrix, i.e., cbind (deaths, total cases - deaths), where deaths 638 

were the statistical successes and the remaining cases are failures (or survivals) across the 639 

binomial trials in each division-month. Our final dataset consisted of N=43,257 division-640 

months, after applying abovementioned filters and excluding months for which we lacked 641 

data on either temperature, rainfall or NDVI. We first developed a baseline model which 642 
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served as a base for further evaluating the effects of environmental predictors. The 643 

baseline model included the fixed effects of age class (levels: juveniles, subadults, young 644 

non-working adults, working adults and old adults), sex (male/female), and 645 

administrative division (12 divisions). The model also included a random effect 646 

accounting for the non-independence between years, as well as temporally auto-647 

correlated random effect accounting for the non-independence between consecutive year-648 

month observations within the same administrative division (using a first-order 649 

autoregressive or AR1 correlation structure). To evaluate the structure of residuals, we 650 

inspected plots of simulated residuals using the DHARMa package (Hartig and Hartig 651 

2017). We initially considered a binomial error structure, but since the binomial model 652 

showed signs of over-dispersion, we relied on a beta-binomial error structure instead.  653 

 654 

We examined several candidate models expanding on this baseline model, to evaluate the 655 

effects of environmental predictors. Before this, we looked for any overt non-linear 656 

relationship between mortality risk and the quantitative proxies used for climate and 657 

vegetation. We did so by first converting the quantitative predictors into qualitative ones 658 

using original quintiles as levels, and then visually examining prediction plots obtained 659 

for each predictor added to the baseline model separately (SI text b). These plots 660 

suggested that only temperature had an overt U-shaped effect, with higher mortality at 661 

both extreme quintiles than at the middle quintile (Fig. S4). Therefore, we explored non-662 

linear representations for modelling the effect of temperature, whereas linear effects were 663 

maintained for rainfall and NDVI. We modelled the shape of the effect of temperature 664 
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using four forms of natural splines (df=1–4, representing linear to increasingly complex 665 

curves) and retained the parameterisation involving two degrees of freedom since it 666 

resulted in the lowest AIC (SI text b). Furthermore, we also examined if these variables 667 

had effects over cumulative time windows up to four months (including the current 668 

month), and found that only rainfall had cumulative window effects (three-month period, 669 

based on AIC values) better than those from current-month measurements (SI text c, 670 

Table S1). Therefore, while developing candidate models, we explored the effects from 671 

both three-month total rainfall and current-month rainfall, whereas we used only current-672 

month measurements for temperature and NDVI. In these models, we considered similar 673 

effects across all age, sex and division classes although we acknowledge that the effects 674 

of environmental variables may be more nuanced across these demographic/spatial 675 

groups. 676 

 677 

We developed 28 candidate models (Table S2) to understand the environmental 678 

predictors of mortality. We started by adding the additive effects of rainfall and 679 

temperature to the baseline model. Next, we added NDVIdiv to account for the effects of a 680 

division’s mean annual primary productivity, and NDVIwithin-year to account for the 681 

seasonal deviations from this annual mean. Next, we examined the potential effects of 682 

temperature interacting with rainfall and NDVI variables, to examine if extreme 683 

temperatures worsened the effects of dry conditions or dry vegetation. These included: a) 684 

rainfall × temperature interaction as rainfall could alter the effects of temperature, b) 685 

temperature × NDVIdiv as divisions with higher vegetation productivity could buffer 686 
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elephants against the effects of heat, and c) temperature × NDVIwithin-year since seasonal 687 

drops in vegetation productivity could intensify the effects of temperature. We relied on 688 

model comparison to draw inference and retained a confidence set of top models within 689 

six AIC points of the best model (Harrison et al. 2018). To evaluate if a focal predictor 690 

had a "meaningful" effect, we relied both on the effect size by converting the estimated 691 

logit-odds converted to odds ratios (marginal effects). We evaluated the consistency of 692 

estimated effects across the subset models containing each predictor, focusing on both the 693 

direction and magnitude of effects, rather than relying on a single best-fitting model.  694 

 695 

Finally, for each of these top models, we again inspected the shape of temperature effects 696 

by altering the degrees of freedom of natural splines (df=1–4, SI text b), as well as 697 

examining quadratic effects of temperature representing symmetric effects of heat and 698 

cold reported earlier (Mumby et al. 2013). We relied on the parametrization with the 699 

lowest AIC (Table S3). 700 

 701 
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