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Abstract 16 

The Canada lynx (Lynx canadensis) and the bobcat (Lynx rufus) are congeneric felids 17 

whose climatic niches and distributional overlap are being reshaped by climate 18 

change. We integrated ensemble distribution models, Humboldt niche overlap 19 

analysis, and a novel centroid-distance diagnostic—Variable Ecological Restriction 20 

Analysis (VERA)—using 6,723 and 9,030 independent occurrence records and 36 21 

climatic predictors to characterize their climatic relationship. Niche equivalency was 22 

rejected (p = 0.0099), and niche divergence was not explained by background climate 23 

differences (p = 0.0101; p = 0.0263), indicating active climatic segregation despite 24 

62.83% analogous environmental space. This divergence was asymmetric: the 25 

Canada lynx exhibited an envelope-driven niche constrained by multiple climatic axes 26 



(no single predictor exceeding 25.08% importance), whereas the bobcat exhibited a 27 

threshold-driven niche dominated by coldest-quarter potential evapotranspiration 28 

(45.83%). A regional diagnostic comparison between VERA and Multivariate 29 

Environmental Similarity Surfaces (MESS) across 95 jurisdictions showed higher 30 

spatial concordance for the bobcat (81% of jurisdictions; 64.6% by area) than for the 31 

Canada lynx (60%; 42.4%), with VERA demonstrating greater ecological alignment 32 

across 31.6% of the continent for the envelope-driven specialist. Mid-century 33 

projections (SSP1-2.6, SSP2-4.5) indicated asymmetric redistribution: highly suitable 34 

space for the Canada lynx is projected to contract >50%, whereas the bobcat is 35 

positioned for an approximately 50% net gain through substantial northward 36 

expansion. Potential Niche Truncation Index values (Canada lynx: 0.875; bobcat: 37 

0.850) indicate that occupied niches already approach continental climatic boundaries, 38 

leaving limited capacity for compensatory redistribution under continued warming. 39 

Keywords: climatic niche divergence, envelope-driven niche, Lynx canadensis, Lynx 40 

rufus, niche truncation, VERA 41 

1. Introduction 42 

North America is home to two congeneric wild cats: the bobcat (Lynx rufus (Schreber, 43 

1777)) and the Canada lynx (Lynx canadensis Kerr, 1792) (Sunquist and Sunquist 44 

2002; Peers et al. 2013; Lavoie et al. 2019). The bobcat, one of the continent’s most 45 

widely distributed native felids, is a broadly tolerant generalist occupying diverse 46 

ecosystems from deserts and shrublands to forests and wetlands (Sunquist and 47 

Sunquist 2002; Popescu et al. 2021). In contrast, the Canada lynx is an obligate cold-48 

adapted specialist of boreal and sub-boreal forests, with morphological traits—such 49 

as long legs and large, fur-covered feet—that enhance hunting efficiency in deep snow 50 



(Buskirk et al. 2000; Lavoie et al. 2019). As a result, the long-term persistence of this 51 

specialized felid is tightly linked to narrow hydro-thermal regimes, making it highly 52 

vulnerable to ongoing climatic shifts (USFWS 2023; Singh et al. 2025). 53 

Morphological divergence between the two species has historically contributed to 54 

spatial segregation along climatic gradients (Roemer et al. 2009; Lavoie et al. 2019). 55 

Across their ranges, niche displacement in sympatry is strongly mediated by snow 56 

conditions. Because bobcats lack deep-snow adaptations, their historical expansion 57 

into core boreal habitats has been constrained (Murray and Boutin 1991; Peers et al. 58 

2013; Gooliaff et al. 2018). However, climate change is rapidly restructuring this 59 

dynamic. Declines in snowpack extent and duration are expected to reduce the area 60 

and connectivity of core Canada lynx habitat, while rising ambient temperatures 61 

impose increasing climatic stress on cold-adapted specialists (Hoving et al. 2005; 62 

Peers et al. 2014; USFWS 2023). As warming accelerates, the weakening of historical 63 

climatic barriers may facilitate northward bobcat expansion, increase peripheral 64 

overlap, and reshape the macroecological dynamics between the two felids (Peers et 65 

al. 2013; Koen et al. 2014; Litvaitis et al. 2015; Scully et al. 2018; Marrotte et al. 2020; 66 

Sirén et al. 2020; Singh et al. 2025). 67 

Recent literature on Canada lynx range modeling has underscored the methodological 68 

sensitivity of correlative species distribution modeling when applied across broad 69 

spatial and temporal scales (Ivan et al. 2024; Thornton and Murray 2024). In particular, 70 

model outcomes can vary substantially depending on the spatial representativeness 71 

of training data, the degree of temporal extrapolation, and the ecological interpretation 72 

of occurrence records from range peripheries (Sillero et al. 2021). These 73 

considerations highlight the importance of careful model calibration and validation, 74 

particularly when distributional limits are shaped by climatic constraints that broad-75 



scale models may not fully capture. Despite the urgency of these dynamics, traditional 76 

correlative species distribution models generally summarize environmental constraints 77 

through global variable-importance metrics (Elith and Leathwick 2009). This can 78 

obscure the spatially explicit climatic boundaries operating at geographic margins 79 

(Gaston 2009), limiting inference on where specific thermal or moisture limitations 80 

actually restrict distributions. To address this gap, we combined ensemble distribution 81 

modeling with Variable Ecological Restriction Analysis (VERA), a centroid-distance 82 

diagnostic that identifies the most limiting climatic variable at each locality by 83 

quantifying the standardized departure from a species’ climatic optimum. In contrast 84 

to range-based extrapolation diagnostics such as Multivariate Environmental Similarity 85 

Surfaces (MESS; Elith et al. 2010), which detect novelty outside calibration envelopes, 86 

VERA evaluates restriction intensity within nominally analogous environments. We 87 

then cross-validated VERA and MESS outputs against published ecological evidence 88 

across 95 administrative jurisdictions in North America, and applied the Humboldt 89 

niche comparison framework (Brown and Carnaval 2019) to test climatic niche 90 

equivalency and divergence in multidimensional environmental space. 91 

Accordingly, our study had three primary objectives: (1) to model current and mid-92 

century (2041–2060) climatic suitability for both species under SSP1-2.6 and SSP2-93 

4.5 scenarios and to quantify the resulting asymmetry in projected range trajectories; 94 

(2) to quantify interspecific climatic niche divergence and Potential Niche Truncation 95 

Index values within the Humboldt framework; and (3) to cross-validate VERA and 96 

MESS diagnostic outputs against regional ecological evidence. 97 

2. Materials and Methods 98 

2.1. Occurrence data and climatic predictors 99 



Occurrence data for the bobcat (L. rufus; n = 79,222) and the Canada lynx (Lynx 100 

canadensis; n = 70,900) were compiled from primary databases (GBIF.org 2026a, b, 101 

c; iNaturalist 2026). These records were supplemented with high-precision tracking, 102 

genetic, and field data (Whittington et al. 2015; Farrell et al. 2018; Morin et al. 2020; 103 

Prentice et al. 2020; Tattersall et al. 2020; Sirén et al. 2022; Szumski et al. 2023; Arnold 104 

et al. 2025a; Singh et al. 2025; U.S. Fish and Wildlife Service n.d.). To mitigate the 105 

effects of sampling bias and spatial autocorrelation, we applied outlier filtering and 106 

spatial thinning protocols to the initial records (Smith et al. 2023). Following these 107 

refinements, the final datasets consisted of 9,030 spatially independent records for the 108 

bobcat and 6,723 for the Canada lynx (Fig. 1). 109 

 110 

Fig. 1 Distribution of spatially thinned occurrence records for L. canadensis (left, blue 111 

points) and L. rufus (right, yellow points) across North America 112 

We compiled 36 continuous climatic predictors at a 2.5 arc-minute resolution, 113 

integrating 19 bioclimatic variables from WorldClim v2.1 (Fick and Hijmans 2017) and 114 



17 climate indices from Envirem (Title and Bemmels 2018) to capture a broad range 115 

of climatic conditions. 116 

2.2. Species distribution modeling and climate-change projections 117 

To mitigate multicollinearity, we screened the initial predictors using Variance Inflation 118 

Factor analysis (the usdm R package; Naimi et al. 2014), retaining the most 119 

informative variables based on preliminary importance scores. We modeled the 120 

potential climatic suitability of both species using an ensemble forecasting framework 121 

in the biomod2 R package (Thuiller et al. 2009; Guéguen et al. 2025). This framework 122 

integrated five complementary statistical and machine-learning algorithms: 123 

Generalized Linear Models (GLM; McCullagh and Nelder 1989), Flexible Discriminant 124 

Analysis (FDA; Hastie et al. 1994), Random Forest (RF; Breiman 2001), Maximum 125 

Entropy (MAXNET; Phillips et al. 2017), and Generalized Boosted Regression Models 126 

(GBM; Friedman 2001). 127 

Following the Biotic-Abiotic-Mobility (BAM) framework (Soberón 2007), we defined the 128 

accessible area (M) for each species using administrative boundary layers covering 129 

North America. To minimize spatial bias, we generated 10,000 pseudo-absence points 130 

per species (Barve et al. 2011; Barbet-Massin et al. 2012). Models were calibrated 131 

using repeated random cross-validation (80/20 split with two repetitions) with the 132 

bigboss tuning profile, which provides optimized default hyperparameters for each 133 

algorithm (Guéguen et al. 2025). Predictive performance was evaluated via the Area 134 

Under the Receiver Operating Characteristic Curve (AUC) and the True Skill Statistic 135 

(TSS), retaining only models with TSS > 0.8 (Leroy et al. 2018) to construct final 136 

weighted-mean ensemble forecasts (Marmion et al. 2009). 137 



Future habitat suitability was projected for the mid-century (2041–2060) under Shared 138 

Socioeconomic Pathways SSP1-2.6 and SSP2-4.5 (Meinshausen et al. 2020; Tebaldi 139 

et al. 2021). To ensure robust projections, we used the ensemble mean of three CMIP6 140 

Global Climate Models (GCMs): EC-Earth3-Veg (Döscher et al. 2022), which 141 

dynamically integrates vegetation feedbacks; MPI-ESM1-2-HR (Müller et al. 2018), for 142 

its high-resolution ocean–atmosphere coupling; and MRI-ESM2-0 (Yukimoto et al. 143 

2019), to increase institutional diversity and reduce systematic biases in the ensemble 144 

mean. Spatial extents of future suitability were quantified using the terra R package 145 

(Hijmans et al. 2026). 146 

2.3. Ecological niche comparison in environmental space 147 

We conducted a niche comparison to determine whether these felids maintain distinct 148 

climatic niches despite their broad geographic co-occurrence. This comparison used 149 

the 10 climatic variables retained by the species-specific species distribution models 150 

(SDMs) after multicollinearity screening (six per species, of which two were shared). 151 

We utilized the Humboldt R package (Brown and Carnaval 2019) to quantify niche 152 

similarity within a two-dimensional environmental space while robustly accounting for 153 

the spatial structure of available environments and species mobility. Climatic niche 154 

overlap was quantified using Schoener’s D (Schoener 1968; Warren et al. 2008), 155 

ranging from 0 (no overlap) to 1 (complete overlap), to characterize the degree of niche 156 

convergence or divergence. 157 

Following the BAM framework and its niche hierarchy (Fundamental Niche [FN], 158 

Existing Fundamental Niche [EFN], Potential Niche [PN], Occupied Niche [ON], and 159 

Invadable Niche [IN]; sensu Brown and Carnaval 2019), we characterized the climatic 160 

niche dimensions of each species across both geographic (G-space) and 161 

environmental (E-space) spaces (Broennimann et al. 2012). To account for spatial 162 



biases in available background climates, we corrected for the proportional availability 163 

of environments in E-space. This ensures that the Niche Overlap Test (NOT) and 164 

Niche Divergence Test (NDT) reflect true ecological selection rather than mere 165 

geographic availability. 166 

To assess whether these species are operating at or near their absolute climatic limits, 167 

we calculated the Potential Niche Truncation Index (PNTI). The PNTI expresses how 168 

closely the outer abiotic boundaries of the ON approach the limits of the EFN, 169 

indicating the degree to which the niche is truncated by the available environmental 170 

space (Brown and Carnaval 2019). A PNTI value exceeding 0.30 signifies that a 171 

species is operating against the extreme climatic limits of the studied geography. This 172 

index quantifies whether a species retains climatically suitable buffer space or is 173 

already constrained against the limits of the available climatic gradient. 174 

2.4. Multivariate Environmental Similarity Surfaces (MESS) and Variable 175 

Ecological Restriction Analysis (VERA) 176 

To assess climatic extrapolation and environmental novelty, we computed Multivariate 177 

Environmental Similarity Surfaces (MESS; Elith et al. 2010) using the predicts R 178 

package (Hijmans 2026). MESS quantifies the similarity of each projection pixel to the 179 

calibration environment, where negative values delineate regions of strict 180 

extrapolation and high novelty (Barbosa et al. 2009; Mesgaran et al. 2014). Crucially 181 

for spatial diagnostics, MESS identifies the Most Dissimilar variable (MoD) driving this 182 

novelty at each locality. While more recent metrics (e.g., MOP, ExDet, Shape; Owens 183 

et al. 2013; Mesgaran et al. 2014; Velazco et al. 2024) provide advanced capabilities 184 

such as Type 2 novelty detection, we utilized MESS specifically to contrast its 185 

established range-based logic (MoD) with the centroid-distance approach of our novel 186 

diagnostic tool, Variable Ecological Restriction Analysis (VERA). 187 



While MESS effectively highlights environmental novelty relative to the calibration 188 

range, its range-based logic does not quantify climatic restriction intensity relative to a 189 

species’ climatic optimum. Traditional limiting-factor methods generally rely on linear, 190 

gradient-based normalization (typically scaled 0 to 1; Malczewski 2000), which 191 

assumes monotonic species responses. However, such formulations often fail to 192 

capture the unimodal response structure typical of specialized species (Hirzel et al. 193 

2002; Austin 2007; Yáñez-Arenas et al. 2012) and can over-predict climatic restriction 194 

within core habitats (Jiménez-Valverde et al. 2008; Kearney and Porter 2009). 195 

2.4.1. Mathematical formulation of VERA 196 

To resolve this limitation, which we term the “gradient trap,” we developed VERA. 197 

VERA shifts the analytical framework from absolute gradient normalization to a 198 

centroid-distance metric, quantifying environmental restriction as the standardized 199 

multidimensional departure from the species’ climatic optimum (Hirzel et al. 2002; 200 

Austin 2007; Yáñez-Arenas et al. 2012; Martínez-Meyer et al. 2013). This approach is 201 

conceptually aligned with Ecological-Niche Factor Analysis (ENFA; Hirzel et al. 2002) 202 

and distance-to-centroid modeling, where the centroid represents the species’ climatic 203 

optimum in environmental space (Yáñez-Arenas et al. 2012; Martínez-Meyer et al. 204 

2013). 205 

Following standard ecological distance-normalization principles (Legendre and 206 

Legendre 2012), VERA defines the species’ climatic optimum and tolerance breadth 207 

by calculating the arithmetic mean (μᵢ) and standard deviation (σᵢ) for each 208 

environmental variable i based on N presence records (Hirzel et al. 2002; Yáñez-209 

Arenas et al. 2012; Martínez-Meyer et al. 2013):  210 



𝜇௜ =  (1ܰ) ∑ ௜ܸ௞ே
௞=1 (1a) 211 

௜ߪ =  √( 1ܰ − 1) ∑( ௜ܸ௞ −  𝜇௜)2ே
௞=1 (1b) 212 

where Vik is the observed value of environmental variable i at presence location k. The 213 

climatic restriction intensity (Z-score) at pixel x is then quantified as the squared 214 

standardized departure from the climatic optimum (Yáñez-Arenas et al. 2012): 215 

ܼ௜௫ =  (( ௜ܸ௫ −  𝜇௜)ߪ௜ )2 (2) 216 

 217 

where Zix denotes the climatic restriction intensity imposed by variable i at pixel x. The 218 

application of Z-standardization (mean = 0, variance = 1) ensures that variables 219 

measured in different units (e.g., °C and mm) are commensurable and prevents 220 

analytical bias arising from scale differences (Legendre and Legendre 2012). The 221 

squared term ensures that both positive and negative departures from the centroid are 222 

coded as absolute increases in climatic restriction, consistent with Shelford’s Law of 223 

Tolerance, which posits that an organism’s performance decreases from either side of 224 

an optimum along any environmental gradient (Shelford 1931; Austin 2007). argmax 225 

2.4.2. Identification of the Most Limiting Variable (MLV) 226 

In the final diagnostic step, VERA identifies the single environmental driver most 227 

responsible for local spatial exclusion. The environmental variable i yielding the 228 

maximum Z_ix at pixel x is identified as the Most Limiting Variable (MLV), representing 229 

the primary climatic constraint at that specific geographic location — the factor pushing 230 



the species furthest from its climatic centroid (Hirzel et al. 2002; Yáñez-Arenas et al. 231 

ܮܯ 232 :(2012 ௫ܸ = argmax݅(ܼ௜௫) (3) 233 

This diagnostic criterion is grounded in Liebig’s Law of the Minimum (von Liebig 1840; 234 

Austin 2007), which posits that an organism’s performance is determined by the single 235 

most restrictive factor among a suite of environmental variables. However, unlike 236 

MESS’s MoD, which identifies the variable most dissimilar to the training data range, 237 

VERA’s MLV identifies the variable imposing the greatest departure from the species’ 238 

climatic optimum. This distinction is fundamental: MESS operates on a range-based 239 

logic (is this value outside the calibration envelope?), whereas VERA operates on a 240 

centroid-distance logic (how far is this value from the species’ optimal environmental 241 

conditions?). Consequently, VERA can detect climatically restrictive conditions even 242 

within the calibration range where MESS would report positive (i.e., analogous) values. 243 

2.4.3. Ecological evaluation of VERA and MESS 244 

To evaluate the ecological interpretability of VERA outputs, we compared its primary 245 

limiting variables with those identified by MESS across 95 administrative jurisdictions 246 

in North America. Although the two methods employ different algorithmic logic, we first 247 

assessed the overall spatial concordance between their outputs before focusing on 248 

regions of divergence. 249 

A 75% spatial agreement threshold was applied to distinguish robust methodological 250 

consensus from meaningful divergence. Jurisdictions exceeding this threshold were 251 

not subjected to further diagnostic review. The detailed evaluation therefore targeted 252 

the discordant jurisdictions falling below this threshold: 49 for L. canadensis and 20 253 

for L. rufus. 254 



For each discordant jurisdiction, we evaluated whether each method's statistically 255 

dominant variable functioned as an ecologically interpretable proxy for documented 256 

regional constraints, based on published field evidence. Jurisdictions were assigned 257 

to one of four diagnostic classes: (1) VERA-supported, where VERA provided the more 258 

plausible ecological signal; (2) MESS-supported, where MESS variables aligned 259 

better with field evidence; (3) Ambiguous, where both methods showed weak or 260 

conflicting signals; and (4) Co-supported, where both frameworks identified valid, co-261 

limiting mechanisms despite initial spatial discordance. 262 

2.5. Standardized niche density profiles   263 

To visually diagnose and compare the climatic niche breadth of each species, we 264 

constructed standardized niche density profiles (SNDPs) derived from species 265 

occurrence records and their associated climatic values. For each species, climatic 266 

values were extracted at all spatially independent occurrence points for the core 267 

climatic predictors retained in the respective SDM. Because these predictors operate 268 

on vastly different measurement scales, all extracted values were subjected to z-score 269 

standardization (mean = 0, variance = 1; Legendre and Legendre 2012), centering 270 

each variable’s distribution at the species’ mean occurrence value. The resulting 271 

probability densities were visualized as ridgeline plots using the ggridges and ggplot2 272 

packages in R (Wickham 2016; Wilke 2026). 273 

Interpretation is guided by three graphical attributes. First, peak height and kurtosis: 274 

leptokurtic distributions indicate narrow climatic specialization (Wiens et al. 2010), 275 

whereas platykurtic distributions reflect broad tolerance (Sexton et al. 2009). Second, 276 

peak displacement from the zero-centroid reveals asymmetric niche occupation 277 

(Austin 2007). Third, abrupt tail truncation implies that the species has reached the 278 



limit of the available climatic gradient, indicating limited scope for further range shifts 279 

(Owens et al. 2013). 280 

To ensure full transparency and the strict reproducibility of our analytical framework, 281 

all methodological protocols and foundational datasets are provided in Supplementary 282 

material 1. This comprehensive package includes the complete, spatially independent 283 

occurrence records for both L. canadensis and L. rufus, environmental data 284 

configurations, and the step-by-step analytical workflows required to fully replicate our 285 

SDMs and diagnostic assessments. 286 

3. Results 287 

3.1. Model performance 288 

The ensemble models for both species demonstrated high predictive performance 289 

across all evaluation metrics. For the Canada lynx, the model achieved a TSS of 0.958 290 

and an AUC of 0.999, with a sensitivity of 98.96% and a specificity of 96.81%. The 291 

ensemble model for the bobcat achieved a TSS of 1.00 and an AUC of 1.00, with a 292 

sensitivity of 100% and a specificity of 99.99%, reflecting the broad climatic envelope 293 

and large sample size available for this widely distributed species. 294 

3.2. Variable importance and standardized niche density profiles (SDNPs) 295 

The SDNPs of the Canada lynx and the bobcat reveal contrasting patterns of climatic 296 

specialization. For the Canada lynx, the ensemble model identified potential 297 

evapotranspiration (PET) of the coldest quarter (PETCoQ) as the primary driver of 298 

habitat suitability (variable importance = 25.08%). This was followed by isothermality 299 

(Bio3; 20.99%), PET seasonality (PETs; 15.20%), minimum temperature of the 300 

warmest month (MTWM; 14.36%), PET of the driest quarter (PETDrQ; 12.74%), and 301 

mean temperature of the wettest quarter (Bio8; 11.63%). This relatively even 302 



distribution of importance scores—with no single predictor exceeding 25.08%—303 

indicates that the occupied niche of the Canada lynx is shaped by a multivariate 304 

climatic constraint rather than a single dominant axis. The density profiles reflect this 305 

multivariate structure: PETCoQ is distinguished by a sharp, high-amplitude peak 306 

below the standardized mean, indicating a highly concentrated utilization of low winter 307 

energy environments and narrow tolerance for the core population. In contrast, the 308 

other bioclimatic variables (PETs, Bio3, MTWM, and Bio8) display noticeably lower 309 

and broader peaks. Furthermore, the extended tails (skewness) observed across the 310 

distributions reflect the existence of marginal populations occupying more extreme, 311 

peripheral climatic conditions (Fig. 2a). 312 

In contrast, the bobcat ensemble model is strongly dominated by a single predictor: 313 

PETCoQ accounts for 45.83% of the variable importance. The remaining five 314 

predictors—MTWM (11.55%), PET of the warmest quarter (PETWaQ; 11.50%), 315 

precipitation of the coldest quarter (Bio19; 11.23%), temperature annual range (Bio7; 316 

10.89%), and precipitation of the wettest month (Bio13; 9.00%)—contribute at 317 

considerably lower magnitudes, functioning as secondary constraints on a niche 318 

primarily defined by winter energy availability. The bobcat SDNPs corroborate this 319 

structure. The PETCoQ distribution is remarkably broad and extends well into positive 320 

z-score territory, contrasting sharply with the narrow, low-energy concentration 321 

observed for the Canada lynx. Furthermore, PETWaQ, MTWM, and the precipitation 322 

variables also exhibit wide, centered distributions, perfectly reflecting the bobcat’s 323 

generalist nature and its capacity for broad climatic tolerance (Fig. 2b). 324 



 325 

Fig. 2 SNDPs of L. canadensis (a) and L. rufus (b) across standardized environmental 326 

gradients (z-scores). Colored lines represent the top twelve climatic predictors. 327 

Interpretation attributes: (1) narrow, high-amplitude peaks indicate specialization, 328 

whereas broad distributions reflect wide tolerance; (2) peak displacement from zero 329 



reveals asymmetric niche occupation; and (3) extended tails indicate marginal 330 

populations occupying extreme climatic boundaries 331 

3.3. Spatial diagnostics of climatic limits: MESS extrapolation and VERA 332 

constraints 333 

Across the low-agreement jurisdictions, the two species showed markedly different 334 

diagnostic patterns (Fig. 6; Supplementary materials 2 and 3). 335 

For L. canadensis, 49 evaluated jurisdictions covered 15,420,724 km² in total. By 336 

jurisdiction count, MESS was the most frequent outcome (28 of 49; 57.14%), followed 337 

by VERA (19; 38.78%) and Ambiguous (2; 4.08%). However, the area-weighted 338 

pattern was reversed: VERA-supported jurisdictions accounted for 10,180,855 km² 339 

(66.02% of the total assessed area), compared with 4,138,568 km² for MESS (26.84%) 340 

and 1,101,301 km² for Ambiguous (7.14%). This divergence reflects the fact that the 341 

largest jurisdictions—spanning the boreal core, subarctic, and western montane 342 

regions—were more consistently interpretable through VERA, whereas MESS was 343 

favored predominantly across smaller warm-temperate and Mid-Atlantic jurisdictions 344 

where warm-season thermal stress (MTWM) emerged as the dominant exclusion 345 

signal. Among the 19 VERA-supported jurisdictions, the most frequently identified 346 

limiting variables were PETs in high-latitude boreal and subarctic systems, PETDrQ 347 

along the Pacific corridor and arid western landscapes, and Bio3 in montane Rocky 348 

Mountain environments. Among the 28 MESS-supported jurisdictions, 24 shared a 349 

common diagnostic pattern in which VERA identified PETCoQ while MESS identified 350 

MTWM, with warm-season thermal limitation consistently judged as the more 351 

ecologically interpretable exclusion mechanism for this boreal specialist. 352 



For L. rufus, 20 evaluated jurisdictions covered 6,831,143 km² and produced a more 353 

heterogeneous outcome structure. By jurisdiction count, the most common result was 354 

concordance between methods (7 of 20; 35.00%), followed by VERA-supported and 355 

Ambiguous (5 each; 25.00%) and MESS-supported (3; 15.00%). The area-weighted 356 

distribution was dominated by ambiguous outcomes, which covered 3,676,288 km² 357 

(53.82% of the total assessed area), followed by MESS-supported jurisdictions 358 

(1,608,215 km²; 23.54%), VERA-supported jurisdictions (1,092,526 km²; 15.99%), and 359 

concordant jurisdictions (454,114 km²; 6.65%). This pattern indicates that for a broadly 360 

tolerant generalist, neither diagnostic method achieved consistent interpretive 361 

advantage across large spatial extents, and the largest jurisdictions (Alaska, Québec, 362 

Texas) were predominantly classified as ambiguous. 363 

 364 



 365 

Fig. 3 Comparative spatial diagnostics of climatic constraints for L. canadensis (a) and 366 

L. rufus (b). Left panels: distribution of the most dissimilar variables (MoD) driving 367 

extrapolation. Right panels: primary climatic constraints (MLV) identified through 368 

VERA 369 

3.3.2. Contrasting restrictions in sympatric zones 370 

The comparative diagnostic power of VERA was most evident in regions of potential 371 

geographic overlap, where the two species were restricted by distinct climatic 372 

thresholds. For example, in the northern Rocky Mountains, the Canada lynx was 373 

constrained by Bio3, whereas the bobcat was limited by Bio7. Similarly, in British 374 



Columbia, the species were restricted by different climatic axes, confirming that even 375 

within shared territories the two felids are constrained by different climatic 376 

mechanisms. 377 

3.4. Climatic segregation and potential niche truncation 378 

The environmental niche analysis conducted within the two-dimensional E-space 379 

revealed distinct climatic boundaries and high truncation for both species. Despite 380 

sharing a substantial proportion of available environmental space (62.83%) across the 381 

study area, the observed climatic niche overlap between the species was moderate 382 

(Schoener’s D = 0.599). The Niche Overlap Test (NOT) rejected niche equivalency (p 383 

= 0.0099), and Niche Divergence Tests (NDT) were significant in both directions 384 

(Canada lynx to bobcat: p = 0.0101; bobcat to Canada lynx: p = 0.0263), indicating 385 

that this divergence was not explained solely by differences in available background 386 

climates. 387 

PNTI values were high for both species (Canada lynx: 0.875; bobcat: 0.850), 388 

substantially exceeding the 0.30 threshold. This indicates that the occupied niches are 389 

heavily constrained by the extreme boundaries of the available continental climatic 390 

space. The Canada lynx occupied a narrow niche concentrated toward the cold 391 

extreme, whereas the bobcat occupied a broader climatic envelope spanning more 392 

diverse conditions. 393 

3.5. Current and projected future distributions of the Canada lynx and the bobcat 394 

Under current climatic conditions, the ensemble SDM projects a broad, contiguous 395 

area of highly suitable climatic space for the Canada lynx across the boreal zone, from 396 

British Columbia and the Yukon through Quebec and the Maritime provinces, 397 



extending into central Alaska. A transitional fringe of moderate suitability borders the 398 

southern margin across the northern contiguous United States. 399 

Mid-century projections (2041–2060) under both SSP1-2.6 and SSP2-4.5 indicate a 400 

marked contraction: the total area of highly suitable climatic space is projected to 401 

decrease by more than 50%, with the most pronounced losses along the southern 402 

trailing edge (including the transition from aspen parkland to prairie in Alberta and 403 

Saskatchewan, the Pacific Northwest, and the northern United States). Core areas in 404 

western and southern Alaska also show substantial reductions. Concurrently, the 405 

spatial extent of moderately suitable areas is projected to nearly double, indicating 406 

widespread climatic degradation rather than a simple geographic range shift. Notably, 407 

neither scenario projects substantial northward expansion into Arctic regions to offset 408 

these southern losses (Fig. 4a). 409 
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 412 

Fig. 4 Current and projected mid-century (2041–2060) climatic suitability for L. 413 

canadensis (a) and L. rufus (b) across North America under SSP1-2.6 and SSP2-4.5 414 

scenarios. Inset bar charts summarize the relative area of each suitability class across 415 

the two time periods 416 

4. Discussion 417 

4.1. Climatic niche divergence and asymmetric specialization 418 



The Humboldt niche analysis indicated that the felids occupy statistically distinct 419 

climatic niches, with divergence not driven solely by background climate differences. 420 

Following Brown and Carnaval (2019), this supports active climatic segregation 421 

despite substantial analogous environmental space (62.83%), aligning with 422 

documented competitive asymmetries and range-boundary dynamics (Peers et al. 423 

2013; Litvaitis et al. 2015; Nakamoto et al. 2024; Singh et al. 2025). 424 

Crucially, the structure of this divergence is highly asymmetric. The Canada lynx 425 

exhibited an envelope-driven, multivariate niche where no single predictor exceeded 426 

25.08% of the ensemble variable importance. Its narrow, leptokurtic density profiles 427 

are consistent with a cold-adapted specialist constrained by multiple interacting 428 

climatic axes (Wiens et al. 2010; Olson et al. 2021). In contrast, the bobcat niche was 429 

threshold-driven and heavily dominated by a single winter energy predictor (PETCoQ; 430 

45.83%). Its broad, platykurtic density profiles suggest a climatic generalist exhibiting 431 

wide environmental tolerance once minimum winter energy requirements are met 432 

(Sexton et al. 2009; Gooliaff et al. 2018). Under this framework, threshold-driven 433 

niches (bobcat) may remain relatively stable while the critical limiting axis stays within 434 

tolerance, whereas envelope-driven niches (Canada lynx) are highly vulnerable to 435 

perturbation along any constituent axis (Peers et al. 2014). 436 

Furthermore, density profiles exhibit abrupt truncations at the extremes of the 437 

standardized gradient (Fig. 2), mirroring the high Potential Niche Truncation Index 438 

(PNTI) values reported for both species (Section 3.4). This indicates that neither felid 439 

possesses climatically suitable buffer space; rather, their occupied niches have nearly 440 

converged with the absolute abiotic limits of the continental Existing Fundamental 441 

Niche (the A-component in the BAM framework, illustrated by the yellow domain in 442 

Fig. 5) (Owens et al. 2013; Brown and Carnaval 2019). Taken together, their climatic 443 



segregation is not a static spatial partitioning, but a dynamic asymmetry bounded by 444 

hard continental limits. Lacking room for compensatory redistribution, the threshold-445 

driven generalist appears positioned to expand under warming conditions, while the 446 

envelope-driven specialist faces progressive geographic contraction. 447 

 448 

Fig. 5 Conceptual diagram illustrating the relationship between niche truncation and 449 

continental climatic constraints for the Canada lynx and the bobcat. The yellow domain 450 

represents the Existing Fundamental Niche (EFN), defined as the intersection of each 451 

species' fundamental niche with the available North American climate space. The 452 

Potential Niche (PN) encompasses climatically suitable conditions, within which the 453 

Occupied Niche (ON) and the Invadable Niche (IN) are embedded, following the BAM 454 

framework (sensu Brown and Carnaval 2019). White arrows indicate high PNTI 455 

values, showing that both species’ climatic niches approach the extreme boundaries 456 

of the EFN 457 

4.2. Region-specific climatic barriers and the complementary roles of VERA and 458 

MESS 459 



Our continent-wide cross-validation suggests that VERA and MESS capture 460 

complementary dimensions of climatic limitation. Across most of the study area, the 461 

two methods produced concordant spatial predictions, reinforcing the view that their 462 

underlying algorithmic logics converge on similar ecological conclusions when applied 463 

to well-characterized climatic space. However, in the jurisdictions where the methods 464 

diverged, the diagnostic clarity of each varied markedly between the two species, in a 465 

manner consistent with differences in their niche architecture. 466 

For the Canada lynx, VERA exhibited substantially higher diagnostic clarity across the 467 

evaluated low-agreement jurisdictions, with VERA-supported areas accounting for 468 

approximately 66% of the total assessed area, compared with 27% for MESS and only 469 

7% for ambiguous outcomes. This spatial pattern indicates that the larger northern and 470 

western jurisdictions—where the species’ core boreal and montane populations 471 

occur—were more consistently interpretable through VERA’s distance-to-optimum 472 

framework. In these systems, VERA more often identified climatic signals that are 473 

ecologically coherent at the range margin, including seasonal energy dynamics (PETs) 474 

across the boreal core, evaporative demand (PETDrQ) along the Pacific corridor, and 475 

montane thermal structure (Bio3) in the Rocky Mountain region (Squires et al. 2013; 476 

Vanbianchi et al. 2017). For species with comparatively constrained macroclimatic 477 

limits, distance-to-optimum approaches may therefore provide a more informative 478 

representation of climatic stress than distance-to-range-edge metrics alone (Koen et 479 

al. 2014; Peers et al. 2014). 480 

By contrast, the bobcat produced a fundamentally different diagnostic pattern. Here, 481 

the dominant outcome was ecological ambiguity, which accounted for approximately 482 

54% of the total assessed area, followed by MESS (24%), VERA (16%), and 483 

concordant outcomes (7%). No single climatic mechanism—and no single diagnostic 484 



method—consistently explained distribution limits across this species’ heterogeneous 485 

range. This pervasive ambiguity is better interpreted not as algorithmic failure, but as 486 

evidence of ecological co-limitation by multiple interacting constraints, consistent with 487 

the eurytopic character of the bobcat (Roberts and Crimmins 2010; Thornton et al. 488 

2004; Litvaitis et al. 2015). 489 

The contrast between these profiles is itself informative. For the Canada lynx, VERA 490 

achieved clear area-weighted diagnostic clarity with ambiguity confined to a small 491 

fraction of the landscape. For the bobcat, ambiguity dominated the spatial pattern and 492 

neither method achieved consistent interpretive advantage. This asymmetry suggests 493 

that the relative utility of extrapolation diagnostics is contingent on the niche 494 

architecture of the focal species—a finding with practical implications for how 495 

diagnostic outputs are evaluated in species distribution modeling. 496 

The ecological value of this discordance became clearer when variable-level outputs 497 

were compared against regional field evidence. Along the Pacific Coast corridor, VERA 498 

identified warm-season moisture deficit (PETDrQ) as the dominant limiting signal for 499 

the Canada lynx, a result more consistent with field-based evidence than the 500 

alternative MESS signal of isothermality (Vanbianchi et al.  2017). Across the boreal 501 

core, VERA highlighted seasonal energy dynamics (PETs) in a manner that aligns with 502 

hare–lynx population synchrony (Stenseth et al. 1997; Krebs et al. 2001). In the warm-503 

temperate exclusion zone spanning the southern Great Plains and Mid-Atlantic states, 504 

MESS frequently identified warm-season thermal stress (MTWM) as the dominant 505 

exclusion signal, broadly consistent with evidence that increasing temperatures 506 

contribute to southern range constraints (Hoving et al.  2005). For the bobcat, MESS 507 

identified cold-season energy limitation (PETCoQ) at the northern range margin in 508 

British Columbia and Yukon, consistent with documented winter-severity constraints 509 



(Marrotte et al. 2020; Dyck et al. 2021), whereas VERA captured an additional warm-510 

season signal (PETWaQ) that may reflect reduced prey productivity in boreal 511 

environments. In topographically complex regions such as Arizona and Durango, 512 

localized discordance further suggests that bobcat responses are shaped by multiple 513 

overlapping constraints rather than a single dominant climatic barrier. 514 

Taken together, these patterns indicate that extrapolation diagnostics should not be 515 

treated as interchangeable or strictly competitive. Given the high degree of spatial 516 

concordance observed across vast portions of both species’ ranges, MESS and VERA 517 

are best viewed as complementary frameworks. While MESS remains highly effective 518 

for delineating absolute multivariate novelty beyond calibration envelopes, VERA 519 

provides enhanced diagnostic clarity for isolating the specific climatic dimensions 520 

associated with range limitation, particularly for species with relatively narrow niche 521 

architectures. The continental-scale realism check employed here—linking variable-522 

level outputs to regional ecological evidence across approximately 95 jurisdictions—523 

provides a replicable validation framework that could be extended to other taxa and 524 

geographic contexts. 525 

Beyond its present diagnostic use, VERA’s centroid-distance structure may provide a 526 

basis for further methodological development. Because it quantifies the magnitude of 527 

climatic departure from an inferred species-level optimum, it could potentially be 528 

extended to represent variation in climatic resistance across space, helping identify 529 

dispersal bottlenecks, climatic corridors, and connectivity pathways. When combined 530 

with projected climate scenarios, VERA-derived resistance gradients may contribute 531 

to spatially explicit conservation planning for species undergoing range reorganization 532 

(Fig. 6) (McRae et al.  2008; Koen et al.  2014; USFWS  2023). 533 

 534 



 535 

 536 

Fig. 6 Regional concordance between VERA (MLV) and MESS (MoD) across 95 537 

administrative jurisdictions for L. canadensis (left) and L. rufus (right). Purple: both 538 

methods identified the same dominant limiting variable (Agreement). Blue: VERA was 539 

better supported by regional ecological evidence. Pink: MESS was better supported. 540 

Peach: neither method was clearly superior (Ambiguous). Blue and yellow points 541 

indicate species occurrence records overlaid for geographic reference 542 

4.3. Methodological considerations and limitations 543 

This study used exclusively climatic predictors, following the premise that climate acts 544 

as the primary broad-scale filter on species distributions, defining the abiotic template 545 

within which finer-scale factors (e.g., land cover, prey availability, biotic interactions) 546 

operate (Pearson and Dawson 2003; Peers et al. 2013; Loidi et al. 2022). 547 

Consequently, model outputs should be interpreted as climatic suitability diagnostics 548 

rather than full realized-habitat models. 549 



Within this broad-scale climatic framework, although regional cross-validation 550 

provided empirical support for VERA’s diagnostic realism, it remains a novel analytical 551 

tool requiring broader independent validation. Its current architecture does not 552 

explicitly parse the direction of environmental stress (e.g., differentiating between the 553 

excess or deficiency of a variable). Furthermore, its performance should be tested in 554 

highly mobile generalists, rare endemics with limited occurrence data, and taxa with 555 

strongly non-Gaussian environmental responses to fully establish its generalizability. 556 

The accuracy of any correlative SDM—and by extension, any centroid-based 557 

diagnostic such as VERA—depends on the spatial representativeness of the 558 

underlying occurrence dataset. Recent assessments of Canada lynx range modeling 559 

emphasize that models calibrated primarily from southern range margins risk 560 

mischaracterizing the climatic optimum (Thornton and Murray 2024; Ivan et al. 2024). 561 

We compiled records spanning the full extent of both species’ ranges to ensure that 562 

VERA’s climatic centroid reflects the realized niche across the entire occupied 563 

geography. Nevertheless, future studies should prioritize the continued enrichment of 564 

Canada lynx occurrence records, especially from core boreal and undersampled edge 565 

populations, to further refine the calibration of both SDMs and spatially explicit 566 

diagnostic tools. 567 

Beyond the spatial analyses presented here, temporal and projection uncertainties 568 

warrant further refinement. While the use of three CMIP6 GCMs provides a defensible 569 

baseline, incorporating wider model ensembles through tools such as the 570 

GCMcompareR R package (Fajardo et al. 2020) would better characterize the diverse 571 

precipitation and temperature trajectories inherent in climate modeling. Furthermore, 572 

moving beyond traditional 30-year averages by utilizing emerging tools like the 573 

fastbioclim package (Pinilla-Buitrago and Osorio-Olvera 2026) would allow for the 574 



generation of custom-time variables that capture seasonal dynamics and recent 575 

environmental shifts more accurately, ensuring a tighter alignment between 576 

occurrence records and environmental data (Arnold et al. 2025b).  577 

Although our models project a severe habitat contraction for the Canada lynx, the 578 

analytical framework presented here serves as a reproducible baseline rather than a 579 

definitive forecast. By combining centroid-based and range-based diagnostics, this 580 

integrated approach provides a transferable method for assessing environmental 581 

vulnerability in other specialist-generalist pairs. Ultimately, we view these projections 582 

as testable hypotheses. Future research incorporating expanded datasets and 583 

broader climate models will be essential to determine if the Canada lynx possesses 584 

greater intrinsic resilience than current correlative models can capture. 585 
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