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 12 
There were three distinct activities involved in developing the modelling approach. First, we 13 
used simulated data to develop the modelling framework and to select the best performing 14 
model. Second, we evaluated our predictions of the spatial pattern of the probability of impact 15 
from forest loss (combining agriculture and logging) against patterns of forest loss from the 16 
Global Forest Watch dataset6. Third we evaluated our predictions of probability of impact 17 
against independent estimate of threat occurrence from the World Database of Key 18 
Biodiversity Areas (KBAs) maintained by Bird Life International7. The methods for these 19 
activities are described in the main manuscript. This supplementary methods text provides 20 
details for certain aspects of the method not described in detail in the main text. 21 
 22 
 23 
Assessing the use of threat scope: For birds, further information on the scope of the threat was 24 
available as an ordinal variable describing the fraction of range that the threat covers. Scope 25 
takes the following levels: >90%, 50 to 90%, <50%, negligible and unknown. For birds alone, 26 
we therefore simulated a threat coding process including the scope of the threat. We based this 27 
assessment simulation on the same simulated threat intensity layers, Z(r), described above. We 28 
overlaid the simulated threat layer with bird range maps. The scope and threat code for a species 29 
was then calculated as follows. For each pixel within a species range compared the threat 30 
intensity value for the pixel against a set of 10 draws from a uniform distribution bounded by 31 
0 and 1. Where the threat intensity was greater than the uniform draw then the species was 32 
considered to be impacted in that cell for that draw. We then calculated the median value across 33 
draws of the proportion of the species range that was covered by pixels classified as impacted 34 
and classified the species impact scope against the four categories described above. 35 
 36 
The scope information regarding threat provides exactly the weight that should be applied to 37 
each species when considering how its binary impact code for a given threat contributes to the 38 
likelihood of impact in any given pixel within its range. We therefore fitted a logistic regression 39 
model with the structure PTh ~ 1 weighted by the scope. When we evaluated the predicted 40 
likelihood of impact from this model type against the simulated threat maps, we did not find 41 
any increase in performance. Additionally, we found there is a challenge in how to handle 42 
species that are not threatened by the simulated activity. These are either not threatened 43 
anywhere within their range or are threatened in only a small part, but this has minimal impact 44 
on the threat status of the species. Where the species is not threatened anywhere, it should in 45 
theory receive a scope of 100%, however, doing this, leads to non-threatened species being 46 
weighted more highly than any threatened species, whose scopes are always less than 100% 47 
when modelling the probability of impact. So, to avoid arbitrary decisions about the scope of 48 
non-threatened species (where they are either not threatened anywhere or threatened in only a 49 
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small part of their range), and for consistency with other taxonomic groups, we modelled birds 50 
using the same model as used for mammals and amphibians – logistic regression using the 51 
inverse cube root range size as a weight. However, we see great potential in the threat-52 
classification process used for birds that better capture the spatial extent and intensity  53 
 54 
 55 
Evaluating modelled threat patterns 56 
 57 
We performed two further evaluations against independent datasets to understand the 58 
performance of the modelling approach against real world threat activities or threat assessment.  59 
First we compared PTh for forest loss against the observational data on forest loss. We chose 60 
this human activity because it is one of the best understood. The spatial patterns of forest loss 61 
were informed by forest cover change6. 62 
 63 
Second, for all activities, we compared the estimated impact probabilities to categorical 64 
assessments of threat severity for over 6,000 Key Biodiversity Areas (KBAs) for which local 65 
experts had assessed the intensity of threats using a consistent method and the same threat-66 
classification scheme as ours. 67 
 68 
Comparison threat likelihood with forest cover change: We first combined the probabilities of 69 
impact from agriculture and logging to better represent the threatening processes captured by 70 
remote sensed forest cover loss. Forest cover change was aggregated from their native 30x30 71 
m (900 m2) resolution pixels to our 50×50 km resolution pixels using Google Earth Engine. 72 
For each 50×50 km pixel we calculated the total area lost between 2000 and 2013 and the area 73 
lost as a proportion of the area in 2000. We restricted our analysis to forested biomes: a) 74 
Tropical and subtropical moist broadleaf forests, b) Tropical and subtropical dry broadleaf 75 
forests, c) Tropical and subtropical coniferous forests, d) Temperate broadleaf and mixed 76 
forests, e) Temperate Coniferous Forest and f) Boreal forests / Taiga, following WWFs 77 
ecoregions classification12. 78 
 79 
The relationship between forest loss and the probability of impact from forest loss as captured 80 
by agriculture and logging overall showed a significant positive correlation (Supplementary 81 
Figure 5) but also showed some nuances. First, most pixels experience little proportional forest 82 
loss, whilst many of these pixels with small proportional losses showed high probabilities of 83 
impact for mammals and amphibians (Supplementary Figure 5). To test the relationship 84 
between the probability of impact and forest loss, we fitted a binomial regression model of PTh, 85 
Logging against proportional forest loss as the predictor. The results of this indicated a significant 86 
(p < 0.01) positive relationship between PTh, Logging and proportional forest loss for all taxa. 87 
 88 
While the relationship is not perfect, we note that it does provide evidence for consistency 89 
between the two datasets. Further, the imperfect relationship is not surprising for reasons in 90 
addition to our model being highly parsimonious. Loss of forest is not analogous to being 91 
threatened by forest clearing, and the relationship between forest loss and impact is highly 92 
complex13-16. Thus, a perfect linear relationship was never the expectation. We therefore 93 
mapped the residuals for the correlation to investigate potential patterns in where the 94 
relationship was strong and weak. This map of the residuals (Supplementary Figures 6-8) 95 
showed patterns that were consistent with our expectations. Overall, the fact that the residuals 96 
of model correspond to real-world patterns, provides additional validation to our method. The 97 
residuals of our models were larger and negative in areas corresponding to current deforestation 98 
frontiers (e.g. the eastern edge of the Amazon and the edge of forested Sumatra). This shows 99 
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that in areas of intense on ongoing forest clearing, remote-sensed maps provide a higher 100 
intensity estimate of the current clearing process, while our model on the other hand provides 101 
a clearer picture of threatening process from loss of forest being more pervasive than just where 102 
tree-cover is lost as of now – extending beyond the current clearing frontier. 103 
 104 
Comparison with KBA data: which was obtained from BirdLife International and provided 105 
information on over 6,000 KBA sites, in total. Each KBA has a delineated boundary (polygon) 106 
and an assessment of threats affecting the key species for which the site was identified as a 107 
KBA. This assessment identifies the severity of impact using a four-step ordinal scale (“no or 108 
imperceptible deterioration”, “slow but significant deterioration”, “moderate to rapid 109 
deterioration” and “very rapid to severe deterioration”). The threat severity category describes 110 
how impactful the threat is in terms of how rapidly it drives declines in the species populations 111 
within the KBA. As such, it is the element of the assessment scoring that is most equivalent to 112 
what our method maps. For each of the human activity classes, KBAs can be grouped into their 113 
severity category. We then analysed the threat occurrence likelihoods predicted by the model 114 
across pixels intersecting with each KBA, severity class- human activity group. This was done 115 
for all six of the human activity classes.  116 
  117 
We found that, with some variation, the probability of impact tended to increase with increasing 118 
impact severity category and this was more pronounced for the major threats of logging, 119 
agriculture and hunting (Supplementary Figure 9). Kendall rank correlation tests confirmed 120 
this – 16 out of 18 coefficients were weakly positive and all but three of those were significant 121 
(Supplementary Figure 10, p < 0.05). 122 
 123 
As a second evaluation of model performance against the KBA data, we compared the different 124 
in predicted threat for KBAs with a high threat severity with those assessed as having a low 125 
severity. Since the KBA threat severity assessment categories use a four-step ordinal scale 126 
where it is difficult to assess the “distance” between intermediate levels, we chose to compare 127 
the threat probabilities of KBAs classed as having ‘no’ or ‘slow’ (no = “no or imperceptible 128 
deterioration” and slow = “slow but significant deterioration”) threat impact severity with those 129 
classed as having ‘moderate’ or ‘very rapid’ severity (very rapid = “very rapid to severe 130 
deterioration” and moderate = “moderate to rapid deterioration”).  131 
 132 
As hypothesized, KBAs assessed to have a higher threat severity were projected by our models 133 
to have a higher threat likelihood than KBAs classed as having lower threat severity 134 
(Supplementary Figure 11). The positive difference between more impacted and less impacted 135 
KBAs was significant for all taxonomic groups and human activity classes with the exception 136 
of birds impacted by pollution and climate change, where the results were non-significant, and 137 
mammals impacted by invasive species and climate change, where the results were negative. 138 
The predicted threat to mammals from invasives had a negative correlation with the rank of 139 
KBA severity class (Supplementary Figure 10) whilst there was negligible difference and no 140 
significant correlation in the predicted threat from climate change across KBA severity classes. 141 
 142 
There are several reasons why we do not expect our results to perform perfectly. In addition to 143 
the limitations in the Red List data and in the modelling approach documented in the simulation 144 
studies above, the KBA-threat severity assessment is not exactly equivalent to our threat 145 
likelihood. The classification of threat in the KBAs relates to threats within the site impacting 146 
the species for which the site qualifies as a KBA under the KBA criteria17. With these caveats 147 
in mind, we conclude that the comparison with KBA data also broadly supports the validity of 148 
our modelling approach. 149 
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 150 
The effect of range- and body-size: To assess whether there is a correlation between species 151 
sensitivity to the threat and range size, we looked at the relationship between the range-size for 152 
all species and the assigned threat code for each of the primary threat categories, to examine 153 
whether range-size was associated with threat. We subsequently did the same for body-size, a 154 
trait that is often linked to range size18,19 and potentially renders species more susceptible to 155 
some threat 20. 156 
 157 
Body mass data for mammals and birds were extracted from the EltonTraits v1 dataset21. Body 158 
mass data for 5,748 amphibians were extracted from AmphiBIO22 using empirical masses 159 
(=2,011) or estimated (=3,737) using body length and allometric relationships23. We used data 160 
from Oliveira et al.,22 and Santini et al.,23 on snout to vent lengths and body mass to derive 161 
allometric relationships between SVL and body mass for anurans, caudatans, caecilians (order 162 
Gymnophiona).  We fitted separate models for each order following the evidence in Santini et 163 
al., 2017 supporting fitting the orders separately. We did not include information on the habitat 164 
preferences for species since this was not available for most species for which SVL and body 165 
mass were available. Both SVL and body mass were log10 transformed prior to linear model 166 
fitting. Model statistics show that the models capture the data reasonably well (r2 > 0.6; p < 167 
0.01), despite the fact that there was limited data available for caecilians (Supplementary Table 168 
3). 169 
 170 
Overall, we found that there was an extremely small, but often significant (p < 0.05), effect of 171 
range size on the likelihood of being threatened by an activity. In the majority of cases this was 172 
negative showing that smaller ranging organisms were more likely to be threatened than large 173 
ranging counterparts, but this varied considerably across threat activities and taxa with no 174 
consistent clear pattern (Supplementary Figure 12, Supplementary Table 4). There was also a 175 
small, often significant, effect of body mass on threat likelihood, however, the direction was 176 
often in disagreement with the range size effect (Supplementary Figure 13, Supplementary 177 
Table 5). For example, species threatened by agriculture and logging were more likely to have 178 
a marginally smaller range size than those species assessed as not threatened. However, 179 
threatened species were more likely to have larger body size than those not threatened. This 180 
analysis suggests that the relationship between species traits and how species are threatened by 181 
human activities is both complex and variable, in agreement with previous literature24,25, and 182 
therefore that it is challenging to parsimoniously incorporate such traits into a general model 183 
of threat likelihood.  184 
 185 
Evaluation discussion 186 
We have found the modelling results consistent with evaluation data, but to varying degrees 187 
across three independent methods of evaluation: first against simulated data, second against 188 
well the observed threatening activity of logging, and lastly against expert assessment of threat 189 
severity within protected areas. The best performing model had errors of 13-18% depending 190 
on the spatial autocorrelation structure of the threat process with greater error when the spatial 191 
autocorrelation is low. Therefore, the models are likely to perform better when the human 192 
activity forming the threating process (e.g. logging, agriculture or pollution) has higher spatial 193 
autocorrelation as opposed to activities that have spatially sporadic and limited extents.  194 
 195 
The logistic regression model using the cube root of inverse range size as a weight, was better 196 
at explaining simulated threat patterns and performed better in evaluation against independent 197 
KBA threat assessment data, compared to a model using the proportion of species threatened 198 
by the activity. In addition to performing better, the model including weight addresses a 199 
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methodological weakness in the Red List threat assessment data, namely that the spatial 200 
information about where a given threat occurs within a species range. 201 
 202 
That the results of what is an extremely parsimonious model show general consistency with 203 
what might be expected from empirical data, suggests that the models and their predictions are 204 
sufficiently plausible to underpin the analyses and conclusions of this study. Nonetheless there 205 
are a broad range of improvements that we envision for the future. The most important is to 206 
develop a hierarchical model structure that takes into account the spatial connection of threats, 207 
functional traits of species relevant to the threat process or alternatively phylogenetic 208 
relationships that might confer information about the correspondence of threat.  209 
 210 
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Supplementary Figure 1. 211 

 212 
Supplementary Figure 1. Map of simulated threat intensity, Z(r), with low (r = 0.3), medium 213 
(r = 0.05), high (r = 1×10-4) and very high spatial autocorrelation structure (r = 1×10-6). 214 
  215 
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Supplementary Figure 2. 216 

 217 

Supplementary Figure 2. Pearson correlation coefficient distribution for each of the models 218 
evaluated against simulated maps of threat intensity with different spatial autocorrelation 219 
(SAC) structures, (Low SAC r = 0.3, Medium SAC – r = 0.05, High SAC – r = 1×10-4, Very 220 
high SAC – r = 1×10-6) and uncertainties of knowledge used to generate threat codes (C0.25, 221 
C0.5, C0.75, CUncertain-0.25, CUncertain-0.5, CUncertain-0.75).   222 
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Supplementary Figure 3. 223 

 224 
Supplementary Figure 3. Visualisations of the characteristic relationship between simulated 225 
threat and predicted probability of impact using the logistic regression model with inverse cube 226 
root range as a weight for CUncertain-0.5 and the four different map types, Z(r = 0.3) (A), Z(r = 227 
0.05) (B), Z(r = 1×10-4) (C) and Z(r = 1×10-6) (D). Points indicate pixels within the Afrotropic 228 
biogeographic realm and blue line indicates the 1:1 line. 229 
  230 
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Fig. S4. 231 

 232 
Supplementary Figure 4. Variance decomposition of square root mean squared error (RMSE) 233 
between model estimated threat probability and simulated maps of threat intensity with 234 
different spatial autocorrelation (SAC) structures, (P0.3 = Low SAC -  r = 0.3;  P0.05 = Medium 235 
SAC – r = 0.05; P1e-04 = High SAC – r = 1×10-4; P1e-06 = Very high SAC – r = 1×10-6) and 236 
uncertainties of knowledge used to generate threat codes (Q_0.25 = C0.25, Q_0.5 = C0.5, Q_0.75 237 
= C0.75, WQ_0.25 = CUncertain-0.25, WQ_0.5 = CUncertain-0.5, WQ_0.75 = CUncertain-0.75). Model 238 
numbers correspond to the models described in Supplementary Table 1. 239 
  240 
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Supplementary Figure 5. 241 

 242 
Supplementary Figure 5. The relationship between logging threat occurrence likelihood for 243 
mammals, birds and amphibians and the proportion of year 2000 forest cover lost by 2013, per 244 
50×50 km pixel aggregated from Hansen et al. 6. Points indicate pixels, solid black lines 245 
indicate the trend in threat probability with proportional forest loss from a binomial regression 246 
model, and the grey dashed line represents the 1:1 line. Slope coefficients were significant for 247 
all taxa (p < 0.01). 248 
  249 
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Supplementary Figure 6. 250 

 251 
Supplementary Figure 6. Residuals of correlation between predicted likelihood of impact 252 
from agriculture and logging combined against remote-sensed forest loss for amphibians. 253 
Green values indicate locations where residuals are positive (i.e. our model of likelihood of 254 
impact predicts higher threat from deforestation than suggested by the rate of loss of remote-255 
sensed forest cover). Patterns are consistent with expectations. Areas around the western and 256 
southern edge of the amazon as well as a southern frontier on Borneo show negative values 257 
consistent with very intense current forest loss. Comparatively, boreal North America and 258 
much of Europe, where impact are more related to agriculture but the rate of forest loss in 259 
absolute terms are lower, show positive residual.  260 
  261 
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Supplementary Figure 7. 262 

 263 
 264 
Supplementary Figure 7. Residuals of correlation between predicted likelihood of impact 265 
from agriculture and logging combined against remote-sensed forest loss for birds. Green 266 
values indicate locations where residuals are positive (i.e. our model of likelihood of impact 267 
predicts higher threat from deforestation than suggested by the rate of loss of remote-sensed 268 
forest cover). Patterns are consistent with expectations. Areas around the western and southern 269 
edge of the amazon, and the Congo basin frontier as well as a southern frontier on Borneo show 270 
negative values consistent with very intense current forest loss. Comparatively, much of 271 
Europe and India, where impact of forest loss are great, but the rate of forest loss in absolute 272 
terms are lower, show positive residual. 273 
  274 
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Supplementary Figure 8. 275 

 276 
Supplementary Figure 8. Residuals of correlation between predicted likelihood of impact 277 
from agriculture and logging combined against remote-sensed forest loss for mammals. Green 278 
values indicate locations where residuals are positive (i.e. our model of likelihood of impact 279 
predicts higher threat from deforestation than suggested by the rate of loss of remote-sensed 280 
forest cover). Patterns are consistent with expectations. Areas around the western and southern 281 
edge of the amazon, and the Congo basin frontier as well as a southern frontier on Borneo show 282 
negative values consistent with very intense current forest loss. Comparatively, much of 283 
Europe and Madagascar, where impact of forest loss are great, but the rate of forest loss in 284 
absolute terms are lower, show positive residual. 285 
  286 
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Supplementary Figure 9. 287 

 288 
Supplementary Figure 9. Distributions (lines) and medians (points) for predicted impact 289 
probability across pixels intersecting with Key Biodiversity Areas (KBAs) grouped by the 290 
KBA impact severity class (No = “no or imperceptible deterioration”, Slow = “slow but 291 
significant deterioration”, Moderate = “moderate to rapid deterioration” and Very rapid  = 292 
“very rapid to severe deterioration”) and human activity class, for a binomial regression 293 
model weighted by the cube root of species range size. 294 
  295 
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Supplementary Figure 10. 296 

 297 
Supplementary Figure 10. Kendall’s rank correlation coefficient, τ, for the predicted impact 298 
probability inside Key Biodiversity Areas (KBAs) using binomial regression weighted by the 299 
cube root of species range size against the rank of severity of impact in that KBA (“no or 300 
imperceptible deterioration” = 1, “slow but significant deterioration” = 2, “moderate to rapid 301 
deterioration” = 3, “very rapid to severe deterioration” = 4). Stars indicate levels of 302 
significance: * indicates p < 0.1, ** indicates p < 0.05 and *** indicates p < 0.01.  303 
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Supplementary Figure 11. 304 

 305 
Supplementary Figure 11. The percentage difference in median predicted impact 306 
probability inside Key Biodiversity Areas (KBAs) assessed as having very rapid or moderate 307 
impact severity (very rapid  = “very rapid to severe deterioration” and moderate = “moderate 308 
to rapid deterioration”) compared with the value in KBAs classed as having no or low impact 309 
severity (no = “no or imperceptible deterioration” and slow = “slow but significant 310 
deterioration”) for a binomial regression model weighted by the cube root of species range 311 
size. Values greater than a ratio of 0 (lying above the grey line) indicated that impact 312 
probability is predicted to be higher, on average, in KBAs that are classified as having high 313 
threat severity, compared to the predicted level of impact probability in KBAs classed as 314 
having low threat severity. Stars indicate levels of significance from Wilcox tests: * indicates 315 
p < 0.1, ** indicates p < 0.05 and *** indicates p < 0.01. Counts of KBAs used in the 316 
analysis were 72 and 88 for low and high severity threats respectively for logging; 360 and 317 
201 for agriculture; 240 and 207 for hunting; 309 and 93 for pollution; 201 and 93 for 318 
invasives; and, 87 and 70 for climate change. 319 
  320 
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Supplementary Figure 12. 321 

 322 
Supplementary Figure 12. The distributions of range sizes associated with species grouped 323 
according to whether they are assessed as being not impacted (‘Un’) or impacted (‘Th’) by 324 
principal threatening activities. 325 
  326 
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Supplementary Figure 13. 327 

 328 
Supplementary Figure 13. The distributions of body sizes associated with species grouped 329 
according to whether they are assessed as being not impacted (‘Un’) or impacted (‘Th’) by 330 
principal threatening activities. 331 
  332 
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Supplementary Figure 14. 333 

  334 
Supplementary Figure 14. Relationship between the Human Footprint and the probability of 335 
threats estimated from Red List data for amphibians, birds and mammals for invasive species 336 
& diseases (A) and for pollution (B). Grey lines indicate a 1:1 linear relationship. C and D 337 
show residuals from unity. Negative values (red colours) indicate where the Human Footprint 338 
might overestimate threat and, conversely, positive values (blue colours) indicate possible 339 
underestimation of threat. 340 
 341 
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Supplementary Table 1. List of models evaluated for threat probability mapping 

Description Model structure RMSEmed,  
r = 1×10-6 

RMSEmed, 
r = 1×10-4 

RMSEmed, 
r = 0.05 

RMSEmed,  
r = 0.3 

1. Proportion of species present that are threatened by the activity PTh ~ 1 0.228 0.197 0.180 0.181 

2. Binomial regression of probability of threat with species range 
size as a covariate PTh ~ R 0.229 0.192 0.196 0.184 

3. Binomial regression of probability of threat with the natural 
logarithm of species range size as a covariate PTh ~ ln(R) 0.240 0.210 0.184 0.183 

4. Binomial regression of probability of threat with square root 
species range size as a covariate PTh ~ sqrt(R) 0.233 0.198 0.186 0.184 

5. Binomial regression of probability of threat with the inverse of 
range size as a weight PTh ~ 1, weight = 1/R 0.233 0.203 0.214 0.234 

6. Binomial regression of probability of threat with the inverse of 
the natural logarithm of range size as a weight PTh ~ 1, weight = 1/ln(R) 0.225 0.193 0.179 0.180 

7. Binomial regression of probability of threat with the inverse of 
cube root range size as a weight PTh ~ 1, weight = 1/ R1/3 0.215 0.177 0.175 0.184 

8. Binomial regression of probability of threat with the inverse of 
square root range size as a weight PTh ~ 1, weight = 1/sqrt(R) 0.210 0.173 0.174 0.190 

9. Binomial regression of probability of threat with the inverse of 
2.5- root range size as a weight PTh ~ 1, weight = 1/ R10/25 0.213 0.175 0.174 0.185 
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Supplementary Table 2. List of models evaluated for threat probability mapping and their ranks (Rk) across permutations of sources of uncertainty 
associated with simulated threat data.  

Map type Uncertainty PTh ~ 1 PTh ~ R PTh ~ ln(R) PTh ~ sqrt(R) 
PTh ~ 1, 

weight = 1/R 
PTh ~ 1, weight 

= 1/ln(R) 
PTh ~ 1, weight 

= 1/ R1/3 
PTh ~ 1, weight 

= 1/sqrt(R) 
PTh ~ 1, weight 

= 1/ R10/25 
r = 1×10-6 RkUncertain,0.25 7 6 9 8 1 5 4 2 3 

 RkUncertain,0.5 6 4 9 7 8 5 3 1 2 
 RkUncertain,0.75 5 6 8 7 9 3 1 4 2 
 Rk0.25 6 7 9 8 1 5 4 2 3 
 Rk0.5 6 7 9 8 4 5 3 1 2 
 Rk0.75 4 6 8 7 9 3 1 5 2 

r = 1×10-4 RkUncertain,0.25 8 5 9 7 1 6 4 2 3 
 RkUncertain,0.5 7 5 8 6 9 4 1 3 2 
 RkUncertain,0.75 5 6 8 7 9 4 3 1 2 
 Rk0.25 7 5 9 8 1 6 4 2 3 
 Rk0.5 7 3 8 5 9 6 1 4 2 
 Rk0.75 6 4 9 7 8 5 3 1 2 

r = 0.05 RkUncertain,0.25 7 5 9 8 1 6 4 2 3 
 RkUncertain,0.5 3 1 7 4 9 2 5 8 6 
 RkUncertain,0.75 5 8 7 6 9 4 2 3 1 
 Rk0.25 6 4 9 7 8 5 3 1 2 
 Rk0.5 5 1 8 6 9 4 2 7 3 
 Rk0.75 5 8 6 7 9 4 3 2 1 

r = 0.3 RkUncertain,0.25 6 4 8 7 9 5 3 1 2 
 RkUncertain,0.5 1 5 3 4 9 2 6 8 7 
 RkUncertain,0.75 5 1 7 4 9 3 2 8 6 
 Rk0.25 1 8 3 6 9 2 4 7 5 
 Rk0.5 1 5 3 6 9 2 4 8 7 
 Rk0.75 7 1 8 6 9 5 2 4 3 

Cumulative 
rank  126 115 181 156 168 101 72 87 74 
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Supplementary Table 3. Summaries for models for allometric scaling between log10 
transformed snout to vent length and log10 transformed bodymass for the amphibian orders, 
Anura, Caudata and Gymophiona. 
 

Order 
Intercept 
estimate 

Slope 
estimate P value 

Adjusted 
r2 

Sample 
size, N 

Anura -3.29 2.47 < 1E-5 0.69 580 
Caudata -3.07 1.83 < 1E-5 0.62 113 
Gymnophiona -13.69 5.75 0.003 0.66 10 
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Supplementary Table 4. Coefficients of binomial regression models of assessed threat from each 
anthropogenic activity and the range size of species. 
 
Taxa Activity Estimate Std. Error z-value Pr(z) 
Mammals Agriculture -1.21×10-4 1.53×10-5 -7.94 2.00×10-15 
Mammals Logging -1.53×10-4 1.79×10-5 -8.58 9.11×10-18 
Mammals Hunting 5.08×10-5 9.46×10-6 5.37 8.02×10-8 
Mammals Invasives -2.39×10-5 2.00×10-5 -1.20 0.23 
Mammals Pollution 4.38×10-5 2.35×10-5 1.86 6.22×10-2 

Mammals 
Climate 
change -5.57×10-5 5.40×10-5 -1.03 0.30 

Amphibians Agriculture -2.82×10-4 3.74×10-5 -7.55 4.25×10-14 
Amphibians Logging -2.46×10-4 3.58×10-5 -6.87 6.54×10-12 
Amphibians Hunting 1.19×10-4 3.99×10-5 2.97 2.95×10-3 
Amphibians Invasives -3.66×10-4 7.68×10-5 -4.77E 1.85×10-6 
Amphibians Pollution -3.53×10-5 7.12×10-5 -0.50 0.62 

Amphibians 
Climate 
change -1.86×10-3 8.51×10-4 -2.18 2.91×10-2 

Birds Agriculture -1.10×10-4 1.06×10-5 -10.4 3.61×10-25 
Birds Logging -1.50×10-4 1.43×10-5 -10.5 1.45×10-25 
Birds Hunting 9.45×10-6 2.53×10-6 3.74 1.84×10-4 
Birds Invasives 1.68×10-5 2.60×10-6 6.47 9.62×10-11 
Birds Pollution 6.60×10-6 1.26×10-5 0.53 0.60 

Birds 
Climate 
change 7.44×10-6 2.86×10-6 2.61 9.12×10-3 
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Supplementary Table 5. Coefficients of binomial regression models of assessed threat from each 
anthropogenic activity and the adult body mass of species. 

Taxa Activity Estimate 
Std. 

Error z-value Pr(z) 
Mammals Agriculture 2.74×10-3 7.68×10-4 3.57 3.53×10-4 
Mammals Logging 8.32×10-4 3.55×10-4 2.34 1.91×10-2 
Mammals Hunting 9.46×10-2 7.20×10-3 13.13 2.36×10-39 
Mammals Invasives 1.16×10-3 3.55×10-4 3.27 1.08×10-3 
Mammals Pollution -2.16×10-5 1.64×10-3 -0.01 0.99 

Mammals 
Climate 
change 6.46×10-4 5.28×10-4 1.22 0.22 

Amphibians Agriculture -1.12 5.08×10-1 -2.21 2.69×10-2 
Amphibians Logging -8.45×10-2 8.99×10-2 -0.94 0.35 
Amphibians Hunting 3.44×10-2 5.88×10-2 0.58 0.56 
Amphibians Invasives -9.13×10-1 7.25×10-1 -1.26 0.21 
Amphibians Pollution -1.00×10-1 3.35×10-1 -0.30 0.77 

Amphibians 
Climate 
change -2.70×101 13.9 -1.95 5.17×10-2 

Birds Agriculture 6.88×10-2 2.00×10-2 3.44 5.92×10-4 
Birds Logging 4.78×10-2 1.79×10-2 2.66 7.75×10-3 
Birds Hunting 5.46×10-1 3.75×10-2 14.56 5.19×10-48 
Birds Invasives 8.91×10-2 2.13×10-2 4.18 2.97×10-5 
Birds Pollution 3.26×10-2 3.39×10-2 0.96 0.34 

Birds 
Climate 
change 2.51×10-2 1.47×10-2 1.72 8.63×10-2 
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