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Elephants can alter vegetation structure and dynamics by reducing resource competition 39 

among trees through thinning out shrubs and small trees. Yet, the impact of elephant 40 

disturbance on vegetation functioning in extreme climates remains poorly understood. 41 

Here, we estimate the effects of African elephant disturbance on sub-Saharan vegetation 42 

structure and vegetation drought resistance using multiple satellite-based observation 43 

datasets. We find that tree height and tree cover in areas of Africa with elephants are 44 

higher than in neighboring areas without elephants. Changes in vegetation structure in 45 

areas with elephants create a cooler microclimate, which enhances vegetation drought 46 

resistance through alleviated local drought conditions. During drought, this enhanced 47 

resistance helps avoid 21.8±3.9% and 8.1±3.7% losses in vegetation greenness and 48 

productivity, respectively. These changes in vegetation structure and drought resistance 49 

occur with both forest and savanna elephants. Our study implies the important role of 50 

elephants in shaping local vegetation structures and functions and its potential 51 

repercussions on carbon and water cycling, and calls for greater efforts on the 52 

conservation of wild megaherbivores in Africa. 53 

 54 

Intense and frequent droughts can significantly reduce vegetation growth and increase 55 

mortality1, leading to a reduced carbon sink and exacerbated climate change2. Previous work 56 

has indicated that vegetation drought resistance varies substantially depending on species type, 57 

species abundance and vegetation structure3, 4, 5, 6. For example, increased mortality of small 58 

trees can potentially alter the course of future forest succession, while the loss of large trees 59 

leads to significant reductions in carbon storage and ecosystem function7. Vegetation structure 60 

(e.g., tree canopy cover, tree height) is shaped by numerous factors such as climate, soil and 61 

disturbances. Nevertheless, even under comparable climatic and soil conditions, central African 62 

forests manifest reduced tree densities, larger tree diameters, and higher biomass than their 63 

Amazonian counterparts8, 9. These distinctive features could partly result from the disturbance 64 

due to megaherbivores, particularly elephants (forest elephants, Loxodonta cyclotis and savanna 65 

elephants, Loxodonta africana)10, 11, 12, 13, 14. Elephants are regarded as ecosystem engineers due 66 

to their huge body, destructive feeding mode and extensive daily movement range required to 67 

meet energy demands15. During herd migrations they break and uproot shrubs and smaller trees 68 

(usually <30 cm in diameter) 12, 16. In addition, megaherbivores play a significant role in nutrient 69 

storage and cycling17 since they transfer carbon and nutrients from small trees and shrubs to 70 

soil through dung and urine, with the nutrients being subsequently reintroduced to large trees 71 

18. Consequently, elephants drive a long-term shift in resource competition dynamics, fostering 72 

the growth of surviving trees and gradually leading to greater canopy density and elevated tree 73 

height over approximately 50-150 years12. However, despite evidence from local field 74 

observations, whether elephants can change the vegetation structure on a large scale remains 75 

unclear. 76 

The altered vegetation structure due to elephant disturbance may further affect vegetation 77 

drought resistance. There is an ongoing debate regarding the size-dependent responses of 78 

individual trees to drought3, 6, 7, 9, 19, 20, 21, 22, 23. Extensive observations have shown a higher 79 

mortality rate of taller trees during drought due to the higher risk of hydraulic failure and carbon 80 

starvation6, 19, 24. In contrast, some studies argue that taller trees may have a greater capacity to 81 

withstand episodic water stress due to their enhanced water storage and efficient water use23, 25. 82 
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Differences in vegetation demography (e.g., composition of shrubs, and small and large trees) 83 

may also affect the microclimate since closed canopies exhibit higher transpiration and more 84 

shading than open canopies26. This microclimate buffering effect will further increase the 85 

vegetation resistance to drought. Therefore, we hypothesize that changes in vegetation structure 86 

induced by elephants will also change the vegetation’s resistance to drought. 87 

Here, we combine satellite observations and the International Union for Conservation of 88 

Nature (IUCN) African Elephant Database to evaluate the drought resistance of vegetation in 89 

areas with elephants in Africa, compared to nearby paired areas without elephants (Methods 90 

and Fig. S1). We analyze the differences in vegetation structure (i.e., tree height27 and tree 91 

canopy cover28) between areas with and without elephants and their impacts on local 92 

microclimate. Drought events are defined by the three-month integrated Standardized 93 

Precipitation Evapotranspiration Index (SPEI), with an SPEI below -1 indicating drought 94 

conditions29, 30, and we pinpoint the regions that exclusively encountered drought events in the 95 

El Niño event of 2015-2016 (Methods and Fig. S1a). Drought resistance, defined as the capacity 96 

to resist and keep functioning under drought conditions, is estimated by the relative changes of 97 

vegetation greenness (i.e., normalized difference vegetation index, NDVI) and productivity (i.e., 98 

contiguous solar-induced fluorescence, SIF)31 from the period before drought to the drought 99 

period3, 32 (Eq. (2) and (3) in Methods). Regions with intense human activity, identified from 100 

human footprint33 datasets (Methods), are excluded. To avoid confounding by protection status, 101 

paired areas with and without elephants are also controlled to be either both inside or both 102 

outside protected areas, based on boundaries from the world database on protected areas 103 

(WDPA). We also ensure that paired sites differ minimally in topography (Methods).  104 

 105 

Vegetation structure differences between areas with and without elephants 106 

We analyze the vegetation structure differences between areas with and without elephants 107 

in drought affected regions in Africa (Fig. S1c). Within these regions, tree height and tree cover 108 

in areas with elephants are significantly (Wilcoxon test, p<0.001) higher than those in nearby 109 

areas without elephants. Areas with elephants exhibit an increased tree height of 1.15±0.07 110 

meters (mean±standard error (s.e.)) and an increased tree cover of 2.82±0.25% (Fig. 1a, b). 111 

Even after separating out the areas with forest and savanna elephants, tree height and tree cover 112 

are still significantly higher than in the nearby areas without elephants (Fig. S2; Fig. S3a, b; 113 

Fig. S4 and Supplementary Text 1). Elephants appear to have a greater impact on vegetation 114 

structure in forests influenced by forest elephants than in savannas influenced by savanna 115 

elephants (Fig. S3a, b). Additional analyses show that the observation of higher tree height and 116 

tree cover in areas with elephants remains robust irrespective of whether or not the areas are 117 

affected by drought (Fig. S5). This evidence is also consistent with the finding that elephants 118 

increase tree height and tree cover, both when analyzing paired sites within protected areas 119 

alone, and when analyzing those outside protected areas alone (Fig. S6a, b and Supplementary 120 

Text 2). This finding is further corroborated by observations of higher tree height and tree cover 121 

obtained from different satellite-based tree height34 and tree cover products35 (Fig. S7), and 122 

supported by the higher aboveground biomass and leaf area index observed in elephant areas 123 

compared to nearby areas without elephants (Fig. S8a, b). In addition, we independently 124 

validate these patterns using georeferenced photographic records from iNaturalist (Methods, 125 

Supplementary Text 3 and Fig. S9). We further incorporate data from the Kenya Long-term 126 
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Exclosure Experiment (KLEE), based on 17,277 tree height measurements across 127 

megaherbivore exclusion treatments, which consistently confirmed significant positive effects 128 

of elephants on tree height, aligning with our landscape-level findings (Supplementary Text 4 129 

and Fig. S10). 130 

To assess whether these differences reflect causal effects rather than environmental 131 

covariation, we further applied four machine learning based causal inference methods. The 132 

estimated average treatment effects (ATE) of elephants on vegetation structure range from 0.29 133 

m (standardization) to 1.69 m (inverse probability weighting, IPW) for tree height, and 0.64 % 134 

(standardization) to 3.58 % (IPW) for tree cover (Fig. 1c, d). Except for the matching method 135 

applied to tree cover (Fig. 1d), all 95% confidence intervals of ATE excluded zero, indicating 136 

robust and statistically significant positive effects of elephants on vegetation structure. 137 

The differences in tree height and tree cover between areas with and without elephants 138 

(ΔTree height and ΔTree cover) are significantly correlated with elephant population density 139 

(Fig. 2). While these results indicate a generally positive effect of elephant presence on 140 

vegetation structure at the continental scale, the relationship between elephant population 141 

density and differences in vegetation structure suggests a potential upper threshold beyond 142 

which impacts may shift from positive to negative (Fig. 2). As elephant density increases, ΔTree 143 

height and ΔTree cover generally decline in both the country-level elephant density analysis 144 

(Fig. 2a, b and Fig. S11a, b) and the patch-level analysis with elephant densities derived from 145 

surveyed sites (Fig. 2c, d). Both analyses exhibit a transition from positive to negative values, 146 

with the threshold appearing to fall within approximately 0.6-1.5 elephants km⁻². This reversal 147 

indicates a negative impact on vegetation structure in areas with high elephant densities. In fact, 148 

in countries with the highest elephant density (over 0.6 per km²) including Zimbabwe, 149 

Botswana, Swaziland, and South Africa (Table S1), tree height and tree cover are significantly 150 

lower in areas with elephants than nearby areas without elephants (Fig. S11c–f, Supplementary 151 

Discussion 1). 152 

 153 
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 154 

Fig. 1 | Differences in tree height (ΔTree height) and tree cover (ΔTree cover) between 155 

nearby areas with elephants and without elephants, and average treatment effect (ATE) 156 

of elephants on vegetation structure. a and b, Kernel density distributions of ΔTree height 157 

and ΔTree cover between the paired neighbor areas with and without elephants. Colored dashed 158 

lines show the mean values (N=2945 and 3038 for ΔTree height and ΔTree cover). The boxes 159 

and whiskers represent the 10th, 25th, 75th and 90th percentiles. c and d, ATEs of elephants on 160 

tree height and tree cover derived from four causal inference methods (double robust, DR; 161 

standardization; inverse probability weighting, IPW; Matching; see Methods) adjusting for 162 

confounding factors using gradient boosting. Colored points indicate estimated ATE values, 163 

while horizontal bars represent 95% confidence intervals (CIs, computed by the bootstrapping 164 

method). 165 
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 166 

Fig. 2 | Relationship of differences in tree height (ΔTree height) and tree cover (ΔTree 167 

cover) between nearby areas with elephants and without elephants with elephant density. 168 

a, b, Relationship between ΔTree height and ΔTree cover with elephant density using the 169 

country-level elephant density. Circles represent country-level elephant densities (i.e., each 170 

circle corresponds to one country), and error bars denote the standard error of ΔTree height or 171 

ΔTree cover. Country-level elephant density was calculated from the total elephant number and 172 

their activity range in each African country (Methods, Fig. S12a and Table S1), and assigned to 173 

all areas with elephants within each country. c, d, Relationships of ΔTree height and ΔTree 174 

cover with elephant density using patch-level elephant density derived from site-level 175 

records. Patch-level elephant density was calculated by linking surveyed elephant 176 

observations to the protected-area patches in which they occurred, based on boundaries 177 

from the World Database on Protected Areas (WDPA; Methods and Fig. S12b, c). 178 

Correlations were fitted to ΔTree height or ΔTree cover across all 0.25° × 0.25° grid cells 179 

(N=2302), with background colors indicating data density (darker colors for more data). Circles 180 

representing the mean within each density bin with standard errors are shown to enhance 181 

visualization of the relationship. Kernel density distribution of ΔTree height and ΔTree cover 182 

between nearby areas with and without elephants are shown on the right. pfit denotes the 183 

significance of the fitted relationship, and pmean denotes the significance that the mean value of 184 

ΔTree height and ΔTree cover differ from zero. 185 

 186 

Impacts of differences in vegetation structure on microclimate 187 

Our second hypothesis is that changes in vegetation structure would alter the microclimate 188 

through biophysical effects36. Indeed, we find that areas with elephants have a significantly 189 

lower land surface temperature (LST) than the nearby areas without elephants in these drought-190 

affected regions (Fig. 3). The LST difference (ΔLST) is -0.16±0.02 during the El Niño years of 191 
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2015-2016 and -0.17±0.02 °C during the years before the El Niño event (2012-2014) (Fig. 3a, 192 

b). The results of lower LST in areas with elephants than in areas without elephants are robust, 193 

regardless of the drought or non-drought status of the regions and periods (Fig. S13). This 194 

cooling effect is consistent across both forests and savannas, and the only exception of savannas 195 

influenced by savanna elephants during the year before the EI Niño event (2012-2014), where 196 

it is not statistically significant (Supplementary Text 1 and Fig. S3c, d). Overall, differences in 197 

the cooling effect between forests and savannas are less pronounced. As expected, ΔLST is 198 

significantly (p<0.001) correlated with ΔTree height and ΔTree cover (Fig. 3c, d), implying a 199 

stronger extra cooling effect with increasing differences in tree height and tree cover. The extra 200 

cooling effect is mainly the result of a greater release of latent heat, through higher 201 

evapotranspiration, in areas with larger trees (Fig. S8c, S14, Supplementary Text 5). 202 

 203 

Fig. 3 | Kernel density distributions of land surface temperature difference between 204 

nearby areas with and without elephants (ΔLST) and the relationship between ΔLST and 205 

differences in tree height (ΔTree height) and tree cover (ΔTree cover). ΔLST in the EI Niño 206 

years (2015-2016) and the years before the EI Niño event (2012-2014) is shown in a and b. 207 

Colored dashed lines indicate the mean values (N=3194 and 5732 for ΔLST in 2015-2016 and 208 

2012-2014, respectively). The boxes and whiskers represent the 10th, 25th, 75th and 90th 209 

percentiles. Relationships between ΔLST and (c) ΔTree height and (d) ΔTree cover (N=2861). 210 

Red lines indicate fitted regression lines, and blue shaded areas represent the associated 95% 211 

confidence intervals (fitted value ± 1.96 × SE of prediction). The regression slopes were -212 

0.16 °C per meter (95% CI: -0.17 to -0.15) for ΔTree height and –0.053 °C per percentage point 213 

(95% CI: -0.056 to -0.05) for ΔTree cover. 214 
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Enhanced drought resistance in areas with elephants 215 

We further analyze the drought resistance in areas with elephants and the nearby areas 216 

without elephant during the El Niño years of 2015-2016. Drought resistance is significantly 217 

(p<0.001) higher in the areas with elephants than in the nearby paired areas (Fig. 4b). The 218 

enhanced drought resistance in areas with elephants than nearby areas without elephants helps 219 

avoid a 21.8±3.9% loss in vegetation greenness (NDVI) and an 8.1±3.7% loss in productivity 220 

(SIF) during drought (Fig. 4d). This higher drought resistance is still found when the habitats 221 

occupied by forest elephants and savanna elephants are separated (Fig. S3e, f). The NDVI and 222 

SIF-defined drought resistance patterns are generally consistent, and enhanced drought 223 

resistance is found in most grid cells (Fig. 4a, c). The magnitude of the SIF-defined drought 224 

resistance is larger than the NDVI-defined resistance (Fig. 4b), and drought resistance changes 225 

defined by SIF in areas with savanna elephants are greater than those in areas with forest 226 

elephants (Fig. S3f). This may be caused by the asynchronous responses of leaf trait (NDVI) 227 

and photosynthesis (SIF) to drought. 228 

 229 

Fig. 4 | Difference in drought resistance between nearby areas with and without elephants 230 

(ΔResistance) in Africa during the El Niño years of 2015-2016. Drought resistance is 231 

calculated as the relative changes in NDVI (a) and SIF (c) before and during the drought period, 232 

and ΔResistance is the difference between paired neighbor areas with and without elephants 233 

(N=1883 and 2354 for ΔResistance_NDVI and ΔResistance_SIF). Green patches represent the 234 

protected areas. Paired sites with and without elephants are controlled as either both inside or 235 

both outside protected areas (Methods). The kernel density distributions of ΔResistance are 236 

shown in b, with the colored dashed lines indicating the mean values. The percentage of avoided 237 

greenness or productivity loss (PAL) due to enhanced drought resistance associated with 238 

elephants in d is calculated as the changes in drought resistance associated with elephants 239 

(ΔResistance) relative to the vegetation greenness or productivity reduction affected by drought 240 

(Methods). The boxes and whiskers represent the 10th, 25th, 75th and 90th percentiles, and the 241 

blue dots and horizontal lines show the mean and median values of the data, respectively. 242 
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We explore the possible mechanisms of the enhanced drought resistance in areas with 243 

elephants where trees are taller and denser. The drought resistance difference (ΔResistance) is 244 

significantly (p<0.001 and p<0.001 for NDVI- and SIF-defined resistance) correlated with both 245 

differences in tree height (ΔTree height) and tree cover (ΔTree cover) (Fig. 5a, c and Table S2). 246 

Although there is some debate over the drought responses of small and large trees22, larger trees 247 

could be more resistant to drought because they have deeper roots and the physiological 248 

capacity to minimize water potential decline during droughts9, 37. However, we find that, after 249 

controlling for the difference in LST, the correlations of ΔResistance with ΔTree height and 250 

ΔTree cover become insignificant or shift from positive to negative (Fig. 5b, d and Table S2 251 

and Supplementary Text 6). These findings imply that the enhanced drought resistance is more 252 

likely due to the mediated microclimate during droughts than the physiological properties of 253 

larger trees. 254 

The path analysis from the structural equation modeling (SEM) analysis shows that 255 

changes in vegetation structure (termed ΔVegetation_structure, and including ΔTree height and 256 

ΔTree cover) influence the drought resistance differences (ΔResistance) mainly via ΔLST (Fig. 257 

5e). ΔVegetation_structure has a significantly (p<0.001) negative relationship with ΔLST (-0.6) 258 

and SPEI (-0.11), while ΔLST has a significantly negative correlation with ΔResistance 259 

(correlation coefficients are -0.35 and -0.6 for the NDVI- and SIF-defined resistances, 260 

respectively). The impact of vegetation structure on local temperature is mediated by 261 

differences in evapotranspiration (ΔET) and albedo (ΔAlbedo), with ΔVegetation_structure 262 

having a positive relationship with ΔET (0.40), and ΔET a negative relationship with ΔLST (-263 

0.26). In contrast, ΔVegetation_structure shows a negative relationship with ΔAlbedo (-0.42), 264 

but ΔAlbedo shows an insignificant correlation with ΔLST. This finding is consistent with the 265 

significantly higher ΔET and lower ΔAlbedo in areas with elephants than in the nearby areas 266 

without elephants (Supplementary Text 5, Fig. S8c, d and Fig. S14). The direct pathways from 267 

ΔVegetation_structure to ΔResistance (physiological responses) indicate a significant 268 

correlation coefficient of -0.24 between ΔVegetation_structure and SIF-defined resistance and 269 

an insignificant correlation with NDVI-defined resistance. Again, these results confirm our 270 

hypothesis that the higher drought resistance in areas with large trees is primarily due to the 271 

mediated microclimate rather than physiological responses. Additionally, we also find a 272 

significant pathway from elephant density to ΔVegetation_structure, consistent with the 273 

relationship between ΔVegetation_structure and elephant density shown in Fig. 2. 274 

These mechanisms are also verified by a machine-learning attribution (Supplementary 275 

Text 7, Fig. S15), which also shows that ΔLST and ΔET are the most important factors 276 

explaining the spatial variations of ΔResistance (Fig. S15a), and that ΔResistance is negatively 277 

related to ΔLST after controlling for other factors (Fig. S15b). These findings are consistent 278 

with the significant negative correlations between ΔLST and differences in vegetation structure 279 

(Fig. 3c, d), and with the significant negative correlation between ΔLST and ΔResistance (both 280 

defined by NDVI or SIF) (Fig. S16). 281 
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 282 

Fig. 5 | Correlations of differences in drought resistance (ΔResistance) with differences in 283 

tree height (ΔTree height) and tree cover (ΔTree cover) before and after controlling for 284 

differences in land surface temperature (ΔLST). a and c show the correlations without 285 

considering the influence of ΔLST, while b and d show the partial correlations after controlling 286 

for ΔLST (N=1642 and 2094 for correlations of ΔResistance, defined by NDVI (blue) and SIF 287 

(green) respectively, with ΔTree height and ΔTree cover). Color scales of shaded areas indicate 288 

data density with darker colors for more data. e, Pathways depicting the association among 289 

changes in forest structure (ΔVegetation_structure) influenced by elephants and alterations in 290 

drought resistance (ΔResistance) observed between nearby areas with and without elephants. 291 

Factor loadings between variables and different widths of arrows represent the effect magnitude. 292 

Dashed, blue and pink arrow lines represent insignificant effects, positive effects, and negative 293 

effects, respectively (N=1381). 294 

 295 
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Discussion 296 

Our study, based on remote sensing data, confirms that the field-observed vegetation 297 

structure changes induced by elephants may exist on a large scale11, 12. Elephants typically 298 

refrain from browsing late-successional trees, which are unappetizing due to their high 299 

concentrations of defensive compounds11, 38. The selective removal of small trees may reinforce 300 

the self-thinning process as larger trees suppress the growth of smaller ones through their 301 

advantages in the competition for water, light and nutrients7, 26, 39, 40. The subsequent interaction 302 

with soil and excreta will also form a positive feedback loop on carbon and nutrients for the 303 

remaining trees18, intensifying the elephant effects on vegetation structure for between 50 and 304 

150 years12. 305 

Differences in vegetation structure in areas with elephants further impact the local 306 

microclimate, because larger trees usually have greater evapotranspiration which uses more 307 

latent heat and cools the surface41 (Fig. S8c and Fig. S14a, b). Denser tree canopies can also 308 

cool the ground-layer by buffering heat and providing more shade in the understory42, 43. During 309 

extreme heat and drought such enhanced cooling effects in the microclimate would thus help to 310 

mitigate water stress 36, 44. The lower LST in areas with elephants compared to that in areas 311 

without elephants is observed in both drought and non-drought affected regions and in both the 312 

El Niño years and the years before the El Niño event (Fig. 3a, b and Fig. S13). This may 313 

indirectly support the causality between ΔResistance and ΔLST that ΔResistance is mainly 314 

caused by ΔLST. However, the opposite – a higher drought resistance causing a lower LST – 315 

may also reinforce the correlation between ΔResistance and ΔLST. In fact, regardless of the 316 

presence of elephants, tall and dense forests show a stronger drought resistance than short and 317 

open forests in Africa (Supplementary Text 8 and Fig. S17). 318 

There is an extensive debate on the size-dependent responses of trees to drought. Some 319 

studies have reported a higher mortality rate in taller trees during droughts, due to hydraulic 320 

failure and carbon starvation6, 19, 24, while others have argued that the increase in xylem tension 321 

with tree height can regulate crown conductance and sapwood hydraulic conductivity22, 322 

potentially minimizing water potential decline during droughts. Taller trees also have greater 323 

capacitance, more water storage, higher water use efficiency, and improved water transport to 324 

counteract the hydraulic resistance of pathlength, enabling them to endure episodic water 325 

stress23, 25. However, our study finds that the higher drought resistance in areas with large trees 326 

is mainly due to the mediated microclimate, and the physiological responses are less obvious 327 

on the large scale (Fig. 5), providing an alternative mechanism possibly explaining the different 328 

drought responses of small and large trees. 329 

Due to the lack of spatially explicit data for elephant density, we assume that elephant 330 

density is homogeneous in the elephant area within each country (Methods): an assumption 331 

which may induce uncertainties. To further confirm the actual presence of elephants, we 332 

assimilated data on the field-observed presence of elephants from iNaturalist 333 

(https://www.inaturalist.org/observations), a widely used biodiversity monitoring platform that 334 

aggregates georeferenced observations and photographs contributed by researchers and citizen 335 

scientists. The results of increased tree height and tree cover, decreased LST and enhanced 336 

drought resistance remain consistent at these field observation sites (Supplementary Text 3 and 337 

Fig. S9b-e). In addition, limitations in the resolution of SPEI data (most at 0.05°-0.5°) can 338 

hinder the differentiation of heterogeneity between areas with and without elephants, and also 339 
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restrict the number of paired site samples, leading to potential uncertainties. However, we test 340 

different SPEI data with different moving window sizes, and the results from these sensitivity 341 

tests provide robust evidence of the altered vegetation structure and functions, suggesting a 342 

possible ecological role of elephants (Supplementary Text 9.1 and Fig. S18). 343 

We have conducted further sensitivity tests involving using different methods to select 344 

paired sites and different methods to define drought. All these tests show robust evidence of 345 

enhanced drought resistance in areas with elephants than the nearby areas without elephants 346 

(Fig. S19–S30, Supplementary Text 9.2-9.8). Together with the machine-learning-based 347 

estimates of the average treatment effects of elephant presence on vegetation structure (Fig. 1c, 348 

d; Methods), these sensitivity analyses reduce the likelihood that the observed patterns are 349 

driven solely by the measured environmental and anthropogenic covariates. Nevertheless, 350 

unmeasured confounding factors may still exist (Supplementary Discussion 2). Although the 351 

SEM analysis could suggest plausible causal pathways, its results remain based on correlations 352 

and depend on data quality and model assumptions, and ultimately reflect structured 353 

correlations rather than definitive causation. Long-term data would provide more insight into 354 

tracking changes in elephant disturbances compared to the space-for-time method adopted here 355 

(Supplementary Discussion 3). The ecological functions of megaherbivores such as elephants 356 

might not be apparent in the short term since responses of vegetation structure and nutrient 357 

cycling to disturbance can take decades45, making it challenging to predict the long-term 358 

impacts of megaherbivores on the ecosystem46, 47(Supplementary Text 10 and Fig. S31, S32). 359 

The detected vegetation structure changes in the present day could be a legacy effect of the 360 

previous presence of elephants, as elephant numbers have declined by 62% from 2002 to 201148. 361 

Additionally, elephant paths can act as firebreaks protecting fire-sensitive vegetation, and 362 

exactly how interactions between elephants and fires govern vegetation dynamics requires 363 

further investigation49, 50, 51. Integrating elephant-plant interactions into vegetation models 364 

would provide a useful tool to improve our understanding of the impacts of elephants on 365 

vegetation dynamics and atmosphere-biosphere feedbacks47, 52. 366 

Our findings highlight the important role of African elephants on improving vegetation 367 

resistance to drought, especially given the expected increase in drought events due to future 368 

climate change53, 54. However, the elephant population is rapidly declining48, 55, due to threats 369 

from poaching and human-wildlife conflicts, which could decrease the metabolism and 370 

functioning of ecosystem56. For example, elephants often adjust their behavior due to human 371 

activity, resulting in, for instance, decreased travel distances, smaller home range sizes, and 372 

fewer exploratory movements57, 58, 59, 60. Elephants may also raid plantations close to human 373 

settlements61. Approximately 1.52 million km2 of potential elephant habitats remain unprotected. 374 

This accounts for 47.7% of the total elephant area and includes 1.11 million km2 of savanna 375 

elephant habitat and 0.40 million km2 of forest elephant habitat (Fig. S33). These unprotected 376 

areas are also inhabited by nearly half a billion people62, exacerbating human-wildlife conflicts. 377 

Thus, it is crucial to reconcile elephant protection with the livelihoods of local people. Simple 378 

isolated enclosures with fences may not work, considering the complexity of the environment, 379 

and isolated conservation projects may also fail by resulting in overcrowding, impeded 380 

movement, and diminished genetic variability63, 64, 65, 66. When elephant density becomes 381 

excessively high within limited areas, their impacts on vegetation structure may turn negative 382 

(Supplementary Discussion 1 and Fig. 2). This pattern is supported by both modelling and 383 
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observational evidence12, 67, 68 (Supplementary Discussion 1 and Fig. 2), and resembles the 384 

degradation caused by excessive grazing pressure in grassland ecosystems69, 70, 71. While all 385 

analyses consistently supported this pattern, the potential transition threshold (approximately 386 

at an elephant density of 0.6-1.5 km⁻²) should be regarded as indicative rather than definitive, 387 

given the difficulty of precisely determining such a turning point. Instead, elephant conservation 388 

must fully consider both space and connectivity – by, for example, establishing connectivity 389 

channels62 – to ensure the sustainable stability of the elephant population. 390 

 391 

Methods 392 

African elephant database 393 

The African Elephant Database (AED) produced by the African Elephant Specialist Group 394 

(AfESG) of the IUCN Species Survival Commission, stands as the most comprehensive 395 

database on the status of any wild mammal species72. It holds data from surveys and 396 

questionnaires conducted in 37 African elephant range states from 2006 to 2015 and documents 397 

the current elephant populations in African countries (Table S1). Elephant numbers were 398 

determined using a combination of observations from fixed-wing aircraft, helicopters and 399 

vehicles and dung density estimates. African elephants inhabit a diverse range of habitats, 400 

making the definition and mapping of elephant activity ranges challenging. The AfESG first 401 

drew range maps based on questionnaires and boundaries such as protected areas, rivers or 402 

mountains73, and then categorized elephant ranges as known, possible, doubtful, or non-range 403 

to assign credit ratings. We used the “known” and “possible” distribution range in our analysis 404 

(Fig. S1b). The AED also outlines the movement boundaries of African savanna elephants 405 

(Loxodonta africana) and forest elephants (Loxodonta cyclotis). The distinction between forest 406 

and savanna elephants is identified by a genetic distribution map of forest and savanna 407 

elephants74, 75, 76. Based on the IUCN habitat classification, forest elephants predominantly 408 

inhabit tropical and subtropical moist forests, while savanna elephants inhabit tropical and 409 

subtropical dry forests, savannahs and shrublands. Thus, we also calculated the structure and 410 

functions of the separate impacts of forest elephants and savanna elephants by further 411 

controlling forest and savanna habitat types between the paired sites (Supplementary Text 1 and 412 

Fig. S2, S3, S4).  413 

To calculate elephant density, we first extracted the population data for each country from 414 

the 2016 IUCN African Elephant Status Report48 (Table S1). We calculated the elephant density 415 

by dividing the national total elephant number by the elephant activity area, and assumed that 416 

the elephant density was homogeneous in the elephant area within each country (Fig. S12a). 417 

This estimate may have uncertainties due to the absence of elephants in some regions or 418 

incomplete surveys (to 103,355 forest elephants in Central Africa potentially unaccounted48). 419 

To verify the actual presence of elephants, we used data from iNaturalist 420 

(https://www.inaturalist.org/observations), a widely used biodiversity monitoring platform that 421 

aggregates georeferenced observations and photographs contributed by researchers and citizen 422 

scientists. We focused on regions with these field-observed elephant presences to analyze the 423 

changes in vegetation structure and function induced by elephants as a sensitivity test 424 

(Supplementary Text 3 and Fig. S9). 425 

 426 

Paired sites selection 427 
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Vegetation structure was calculated from 30 m resolution tree height data for 2019 from 428 

Potapov et al.27 and tree canopy cover data for 2019 from Reiner et al.28. The biophysical effects 429 

were estimated using 1 km MODIS 8-day daytime land surface temperature (LST) data 430 

averaged over 2015-2016. We used the paired sites method77, 41, 78 to calculate the differences 431 

in tree height (ΔTree height), tree canopy cover (ΔTree cover) and LST (ΔLST) between nearby 432 

areas with and without elephants. All datasets with various resolutions were first resampled to 433 

0.01°. Each 0.01° pixel was labeled as “with elephants” or “without elephants” using the AED 434 

elephant range data. Within each 0.25° × 0.25° moving window41, 78, we then paired pixels by 435 

taking the average value of all “with-elephant” pixels and subtracting the average of all 436 

“without-elephant” pixels during drought periods (Fig. S34). 437 𝛥ܸ݈ܾܽ݁ܽ݅ݎ =  ௘ܸ௟௘௣ℎ௔௡௧௦  −  ௡ܸ௢௡_௘௟௘௣ℎ௔௡௧௦                           (1) 438 

Where ΔVariable is the difference in variables between the nearby areas with and without 439 

elephants, calculated by the paired sites method. Velephants is the variable value in the areas with 440 

elephants, Vnon_elephants is the value in the nearby areas without elephants. We selected only those 441 

grid cells where both areas with and without elephants cover more than 5% of the grid cell area. 442 

Paired sites are calculated at a 0.01° × 0.01° resolution within these 0.25° × 0.25° moving grid 443 

cells, with each 0.25° × 0.25° grid cell containing 625 (25 × 25) 0.01° × 0.01° pixels. 444 

Specifically, if both areas with and without elephants have more than 31 0.01° pixels (i.e., >5% 445 

of the total 0.25° grid cell area), the 0.25° grid cell is selected for comparison. We applied 446 

additional sensitivity tests using thresholds of 0% to 20% at an interval of 5% during paired 447 

sites selection (Supplementary Text 9.2 and Fig. S19). If there is insufficient matching area with 448 

or without elephants in the grid cell, we searched the surrounding eight grid cells to match the 449 

paired area. 450 

We controlled for covariates in the paired sites selection methods to exclude confounding 451 

factors other than elephant existence, including the 100 m resolution Human Footprint Index 452 

(HFI)33, elevation and slope from the ~1 km Global 30 Arc-Second Elevation (GTOPO30) 453 

dataset. These variables were all resampled to 0.01° (~ 1 km). We filtered out 0.01° pixels with 454 

HFI > 15 in each 0.25° × 0.25° moving grid cell. We also excluded 0.25° × 0.25° grid cells with 455 

differences in elevation between areas with and without elephants greater than 200 m, and 456 

differences in slope greater than 10° (Fig. S35a and Supplementary Methods 1).  457 

Additionally, approximately half of the elephant range overlaps with protected areas (Fig. 458 

S33). It thus raises the possibility that observed differences in vegetation structure and function 459 

between areas with and without elephants could be influenced by protection status rather than 460 

elephant presence. To address this, we strictly controlled for protection status when selecting 461 

paired sites by ensuring that each paired site was either both inside or both outside protected 462 

areas (Supplementary Text 2, and Fig. S6). Protected ranges were obtained from the world 463 

database on protected areas (WDPA) 79. These bias control measures were consistently applied 464 

across all comparative analyses in our study. 465 

The data, which have various resolutions, were first resampled to 0.01°, and then selected 466 

by the paired sites method in each moving 0.25° × 0.25° grid cell. Paired sample sizes may 467 

differ due to missing values of each dataset. For example, sample sizes for ΔTree height, ΔTree 468 

cover and ΔLST are 2945, 3038 and 3194, respectively. Detailed information on the sample 469 

size can be found in the captions of the figures. 470 

Linear regression analyses were then used to examine the relationships between the 471 



15 

 

difference in tree height and tree canopy cover with elephant density, and with ΔLST (Fig. 2 472 

and Fig. 3c, d). 473 

As sensitivity tests, we also calculated the changes between paired sites using the satellite-474 

based 10 m resolution tree height data for 2020 from Lang et al. 34, 30 m resolution tree canopy 475 

cover data for 2010 from Hansen et al. 35 (Fig. S7), 100 m CCI above ground biomass for 2018 476 

from Santoro and Cartus80, and 500 m MODIS 8-day leaf area index (LAI) data averaged over 477 

2015-2016 (Fig. S8a, b). The results from these sensitivity tests using alternative datasets 478 

validated the key finding of altered vegetation structure by elephants. 479 

As a sensitivity test, we also selected paired sites in moving windows of 0.5° × 0.5° and 480 

2° × 2°, and obtained consistent results (Supplementary Text 9.1 and Fig. S18), we also 481 

controlled for precipitation, road density and fire frequency (Supplementary Text 9.3, Fig. S20 482 

and Fig. S21). We also constrained the paired sites selection within the same ecological regions, 483 

as defined by the “Ecoregions 2017” map81  (Supplementary Text 9.4 and Fig. S22). To 484 

account for uncertainties in elephant habitat ranges, we applied both inward and outward buffers 485 

of 1-5 km for elephant habitat boundaries, and then calculated the differences between paired 486 

sites in areas with and without elephants (Supplementary Text 9.5 and Fig. S23). We also 487 

calculated differences between areas without elephants after excluding all possible elephant 488 

ranges and areas with elephants (Supplementary Text 9.5 and Fig. S24). Because differences in 489 

the areas between paired sites may introduce uncertainties, we also tested comparisons with 490 

similar areas for the paired sites to ensure the even sample sizes (Supplementary Text 9.6 and 491 

Fig. S25).  492 

We also calculate the differences in tree height and tree cover between areas with and 493 

without elephants adopted the “matching method” from Andam et al.82 (Supplementary Text 494 

9.7 and Fig. S26). This method employs random selections of plots and controlled confounding 495 

factors through the Mahalanobis distances, which may help partly overcome the spatial 496 

dependences of neighboring grid cells (Supplementary Discussion 4). 497 

 498 

Causal inference methods 499 

We further conducted a causal inference analysis to quantify the effect of elephants on 500 

vegetation structure while accounting for potential confounding factors using machine 501 

learning–based methods. Specifically, we assessed the average treatment effect (ATE) of 502 

elephant presence on tree height and tree cover using four methods of causal inference already 503 

applied in different research fields: matching, inverse probability weighting (IPW), 504 

standardization, and double robust (DR)83, 84, 85 (Fig. S36). Matching is a widely used approach 505 

in causal inference to estimate ATE by pairing treated and control observations with similar 506 

environmental and topographic characteristics, thereby minimizing confounding bias85, 86, 87. In 507 

our main text, we paired sites within each moving 0.25° × 0.25° grid cell, a well-established 508 

approach in large-scale ecological analyses77, 41, 78. Matching was also implemented using 509 

Mahalanobis distances82 (Supplementary Text 9.7) or propensity scores88. IPW adjusts for 510 

confounding factors by assigning a weight to each sample site based on the estimated propensity 511 

scores of elephant presence, such that sites with lower propensity scores receive higher weights 512 

and those with higher propensity scores receive lower weights85, 89, 90. This weighting creates a 513 

pseudo-population where confounding factors are balanced, allowing for causal inference of 514 

elephants’ effects on vegetation structure and providing an estimated value of ATE. 515 
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Standardization estimates the causal effect of elephants by explicitly modeling vegetation 516 

outcomes as functions of both treatment and confounding variables83, 84, 85. Here, standardization 517 

was implemented using machine learning regressions. Specifically, a machine learning model 518 

was trained to predict tree height or tree cover for each paired sample both with and without 519 

elephants. The difference between these two predictions represents the local treatment effect, 520 

and averaging across all sample sites provides an estimated value of ATE. DR combines IPW 521 

and standardization by integrating both the treatment model (propensity scores) and the 522 

outcome model85, 89 to estimate ATE. It remains consistent if either model is correctly specified, 523 

offering the most stable and efficient estimate of the causal effect of elephants on forest 524 

structure. 525 

In this analysis, we randomly selected fifty 3 × 3 0.01° pixel patches in each moving 0.25° 526 

× 0.25° grid cell. The mean value of each patch was used as a sample for machine learning. To 527 

ensure representativeness, only samples composed entirely of valid drought pixels were 528 

retained (see Methods for the drought definition). To minimize potential spatial spillover 529 

between areas with and without elephants, we applied a 2-pixel buffer along the boundaries of 530 

elephant range, and excluded all samples overlapping with these buffer zones. To further reduce 531 

sample imbalance between elephant and non-elephant areas, we excluded grid cells where the 532 

ratio of patch counts between the two categories exceeded 1:5 or 5:1. 533 

We then used the selected patch samples to train a gradient boosting model with 534 

confounding factors (listed in Table S3) to (1) classify elephant presence and estimate the 535 

propensity scores, and (2) predict vegetation structure, including tree height and tree cover. The 536 

resulting propensity scores and predicted tree height and tree cover were then used in 537 

subsequent matching, IPW, standardization, and DR analyses. The full analytical workflow is 538 

illustrated in Fig. S36.  539 

The gradient boosting models performed well (Fig. S37), with an area under the receiver 540 

operating characteristic curve (AUC) of 0.75 for the classification model. The regression 541 

models predicting tree height and tree cover achieved R2 values of 0.92 and 0.75, and root mean 542 

square errors (RMSE) of 2.94 m and 14.94%, respectively. All reported model performance is 543 

based on out-of-fold (OOF) predictions91, 92 generated through five-fold group cross-validation, 544 

in which each model is evaluated on data completely unseen during training (4:1 train–test split 545 

in each fold), providing an unbiased estimate of generalization performance. 546 

 547 

Site-level data of elephant density and presence 548 

To validate our results using the site-level evidence, we compiled a new dataset of site-549 

level elephant density records from multiple sources: (1) 414 survey-based density estimates 550 

reported in the African Elephant Status Report48, (2) 1298 records from the global tetrapod 551 

population density database TetraDENSITY 2.093, and (3) 237 elephant density sites 552 

synthesized for Central and West Africa in Berzaghi et al. (2022)94. All datasets include spatial 553 

coordinates of surveyed or literature-derived elephant populations. We removed duplicate 554 

records, records without coordinates, and sites outside the IUCN elephant range boundaries. 555 

This resulted in 782 unique survey sites (Fig. S12c), covering a broad gradient of elephant 556 

densities (0-7.2 individuals km-2) across most major elephant habitats in Africa. 557 

Elephants are highly mobile and site survey locations capture only instantaneous, localized 558 

observations, whereas tree height and tree cover reflect long-term vegetation structure. We thus 559 
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linked each site to the protected-area patch containing it to approximate the actively used 560 

elephant habitat range, using boundaries from the world database on protected areas (WDPA) 561 

(Fig. S12b). We then overlaid these protected areas with the African Elephant Database (AED) 562 

habitat ranges to identify protected areas without elephants, and calculated differences in tree 563 

height and tree cover between protected areas containing surveyed sites and nearby protected 564 

areas without elephants within each 0.25° × 0.25° moving grid cell. Relationships between these 565 

differences and elephant density were examined using linear regression. 566 

In addition to the site level elephant density data, we also used elephant presence 567 

observation data from iNaturalist (https://www.inaturalist.org/observations), a widely used 568 

biodiversity monitoring platform that aggregates georeferenced observations and photographs 569 

contributed by researchers and citizen scientists. As of August 2024, there were 16,700 570 

observations available. We focused on regions with these field-observed elephant presences to 571 

analyze the changes in vegetation structure and function induced by elephants as a sensitivity 572 

test (Supplementary Text 3 and Fig. S9). Furthermore, we integrated data from the Kenya Long-573 

term Exclosure Experiment (KLEE), which includes 17,277 tree height measurements across 574 

megaherbivore exclusion treatments, providing additional independent experimental validation 575 

(Supplementary Text 4 and Fig. S10). 576 

 577 

Vegetation drought resistance 578 

To identify drought events, we employed the Standardized Precipitation 579 

Evapotranspiration Index (SPEI), which measures the standardized difference between water 580 

supply (precipitation) and water demand (potential evapotranspiration)95. SPEI is an 581 

ecologically relevant metric for assessing vegetation responses to drought, with negative values 582 

indicating drier-than-usual conditions and positive values indicating wetter-than-usual 583 

conditions5, 96, 97. We used a high-resolution African SPEI dataset derived from the Climate 584 

Hazards group InfraRed Precipitation with Station data (CHIRPS) precipitation estimates and 585 

the Global Land Evaporation Amsterdam Model (GLEAM) potential evaporation estimates98. 586 

This dataset has a spatial resolution of 0.05° and covers the period from 2012 to 2016. 587 

Additionally, we utilized the 0.5° SPEI dataset sourced from the global SPEI database to assess 588 

the robustness of our results95, 99. 589 

Drought events are defined as periods for which the three-month integrated SPEI remains 590 

below -1 for at least three consecutive months29, 30. We focused on drought events in 2015-2016 591 

due to their prevalence – primarily as a result of the influence of EI Niño – during this period. 592 

We excluded regions with multiple drought events and analyzed regions where, within the 593 

period of 2012~2016, droughts only occurred in 2015 or 2016 (Fig. S1c). 594 

Drought resistance is the capacity of vegetation to prevent a decrease in ecological 595 

performance during drought events, and can be estimated as the ratio between a given indicator 596 

during and before the drought period3, 32. Here, we use the 500-m MODIS Normalized 597 

Difference Vegetation Index (NDVI) and the 0.05° global spatially continuous solar-induced 598 

fluorescence (SIF) as indicators of tree growth states31. We calculated the average NDVI and 599 

SIF values for the three years before a drought event (2012-2014, a gap window of the El 600 

Niño/Southern Oscillation (ENSO) annual cycle100) to establish a baseline for the non-drought 601 

affected state of vegetation. We then examined the changes in NDVI and SIF during the drought 602 

periods in 2015-2016 (years with strong EI Niño events100) to evaluate how vegetation 603 
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responded to drought. The drought resistance is then given by the ratio of vegetation condition 604 

during (ܰܫܸܦௗ , ௣௥௘ܫܸܦܰ) ௗ) and before droughtsܨܫܵ , = ே஽௏ூ݁ܿ݊ܽݐݏ݅ݏܴ݁ ௣௥௘): 605ܨܫܵ  ே஽௏ூ೏ே஽௏ூ೛ೝ೐                        (2) 606 

ௌூி݁ܿ݊ܽݐݏ݅ݏܴ݁  = ௌூி೏ௌூி೛ೝ೐                           (3) 607 

A resistance value < 1 indicates that vegetation experiences a reduction in productivity 608 

during droughts. We used the paired sites method (Eq. (1)) to calculate the difference in drought 609 

resistance (ΔResistance) between areas with elephants and without elephants. We tested 610 

ΔResistance in all drought-affected areas (Fig. S27c, d) and in areas with drought-induced 611 

productivity reduction (Fig. 4a-c) with consistent results (Supplementary Text 9.8). Sample 612 

sizes are 3194 and 3191 for ΔResistance_NDVI and ΔResistance_SIF in all drought-affected 613 

areas, and 1883 and 2354 for ΔResistance_NDVI and ΔResistance_SIF in areas with drought-614 

induced productivity reduction. 615 

Additionally, we calculated the percentage of avoided greenness, or the productivity loss 616 

(PAL), due to enhanced drought resistance induced by elephants. To do so we used the changes 617 

in drought resistance induced by elephants (ΔResistance) relative to the greenness or 618 

productivity reduction affected by drought (1 − = ܮܣܲ ௡௢௡_௘௟௘௣ℎ௔௡௧௦): 619݁ܿ݊ܽݐݏ݅ݏܴ݁ ௱ோ௘௦௜௦௧௔௡௖௘1−ோ௘௦௜௦௧௔௡௖௘೙೚೙_೐೗೐೛ℎೌ೙೟ೞ × 100%                       (4) 620 

PAL quantifies the impact of elephants on mitigating the drought effects on vegetation 621 

greenness and productivity. A PAL-value of 10%, for instance, indicates that the reduction of 622 

greenness or productivity during droughts in areas with elephants is 10% smaller than the 623 

reduction in the nearby areas without elephants. 624 

 625 

Partial correlation and path relationship analysis 626 

We used partial correlation analysis to analyze the relationship between the drought 627 

resistance difference (ΔResistance from NDVI and SIF) and the vegetation structure difference 628 

(ΔTree height and ΔTree cover) after controlling for other factors. Partial correlations measure 629 

the strength of association between two variables, with the effects of a set of controlling random 630 

variables removed101. It thus helps find out whether the correlation between ΔResistance and 631 

difference in vegetation structure is produced by other confounding environment factors. Here, 632 

we controlled for the difference in land surface temperature (ΔLST), SPEI. The partial 633 

correlation coefficient was estimated as: 634  ݎ = ௥೟−ೝ−௥೟−ೝ×௥೟−೎√(1−௥ೝ−೎2 )×(1−௥೟−೎2 )                         (5) 635 

Where rt-r is the Spearman’s rank correlation coefficient between forest structure difference 636 

and ΔResistance, rt-c is the correlation between forest structure difference and the controlling 637 

variables, and rr-c is the correlation between ΔResistance and the controlling variables. 638 

Statistical significance was determined using the cumulative density function of Student’s t-639 

distribution with the corresponding degrees of freedom. 640 

We used structural equation modeling (SEM) to analyze the path relationships between 641 

ΔResistance and the vegetation structure difference. This analysis was conducted using the 642 

lavaan package102 in R, which employs a covariance-based approach to model multivariate 643 
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relationships by reproducing the single variance-covariance matrix of the data. We designed a 644 

model based on the possible interrelationships by which vegetation structure change shaped by 645 

elephants may impact the drought resistance through changing the microclimate conditions, 646 

especially the land surface temperature (Fig. 5e). We set a latent variable as change in vegetation 647 

structure (termed ΔVegetation_structure), comprising ΔTree height and ΔTree cover. 648 

ΔVegetation_structure was placed as the endogenous variable that impacts the difference in 649 

vegetation drought resistance (ΔResistance from NDVI and SIF), through changes in climate 650 

conditions (including ΔLST and SPEI). We assumed that ΔVegetation_structure is influenced 651 

by elephant density, and that ΔVegetation_structure shapes the local LST through adjustments 652 

in evapotranspiration (ΔET) and albedo (ΔAlbedo). The evapotranspiration and albedo data are 653 

from the 250-m FAO water productivity open access portal (WaPOR) evapotranspiration 654 

dataset, and the 500-m MCD43A3 albedo dataset, respectively. 655 

We assessed the goodness-of-fit for SEM by using measurements of comparative fit 656 

index103 and the Tucker-Lewis index104 (CFI and TLI, normalized to the 0-1 range, where a 657 

larger value indicates a better fit), the root mean squared error of approximation105 and the 658 

standardized root mean squared residual106 (RMSEA and SRMR, normalized to the 0-1 range, 659 

a smaller value indicating a closer-fitting model). The model shows a good performance with 660 

CFI, TLI, RMSEA and SRMR values of 0.95, 0.90, 0.09 and 0.05, respectively. Details on the 661 

validity of goodness of fit and loading factors in the model are shown in Table S4. The sample 662 

sizes are 1642 and 2094 of ΔResistance_NDVI and ΔResistance_SIF for the partial correlation 663 

analysis, and 1381 for the structural equation modeling (SEM). 664 

In addition, machine-learning attribution was used to analyze the contributions of different 665 

factors to the resistance difference (Supplementary Methods 2 and Supplementary Text 7). 666 

 667 

Data availability 668 

Information on the main datasets used in this study is listed in Table S5. The elephant 669 

distribution data can be obtained from the IUCN Red List of Threatened Species 670 

(https://www.iucnredlist.org/) and elephant population data from IUCN: African elephant status 671 

report 2016 (https://portals.iucn.org/library/node/46878). The 30-m resolution tree cover map 672 

for 2019 from PlanetScope can be downloaded from https://doi.org/10.21203/rs.3.rs-673 

1816495/v2. The 30-m resolution tree height map for 2019 can be downloaded from 674 

https://doi.org/10.1016/j.rse.2020.112165. The 100-m biomass data from CCI-Biomass in 2018 675 

are accessible on https://dx.doi.org/10.5285/5f331c418e9f4935b8eb1b836f8a91b8. The 500 m 676 

NDVI and 1 km LST products are obtained from https://ladsweb.modaps.eosdis.nasa.gov/. The 677 

0.05°SIF data can be downloaded from https://doi.org/10.5194/bg-15-5779-2018. The 0.5° 678 

SPEI data is accessible at https://spei.csic.es/database.html. The 0.05° SPEI data is accessible 679 

at https://data.ceda.ac.uk/neodc/spei_africa/data. The world database on protected areas 680 

(WDPA) data can be downloaded from www.protectedplanet.net. 681 

 682 

 683 

Code availability 684 

All the python analysis scripts are available in a public repository https: 685 

https://github.com/SunMX-2024/elephant-disturb with the source data provided. 686 

 687 
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