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Limited Range-Filling Among Endemic Forest Herbs of Eastern North America and Its Implications for Conservation With Climate Change
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Biodiversity hotspots host a high diversity of narrowly distributed endemic species, which are increasingly threatened by climate change. In eastern North America, the highest concentration of plant diversity and endemism occurs in the Southern Appalachian Mountains (SAM). It has been hypothesized that this region served as a refugium during Pleistocene glacial cycles and that postglacial migration northward was dispersal limited. We tested this hypothesis using species distribution models for eight forest herb species. We also quantified the extent to which the geography of suitable habitat shifted away from the current range with climate change. We developed species distribution models for four forest herb species endemic to the SAM and four that co-occur in the same SAM habitats but have broader ranges. For widespread species, we built models using (1) all occurrences and (2) only those that overlap the SAM hotspot in order to evaluate the extent of Hutchinsonian shortfalls and the potential for models to predict suitable habitat beyond the SAM. We evaluated the extent to which predicted climatically suitable areas are projected to shift away from their current ranges under future climate change. We detected unoccupied but suitable habitat in regions up to 1,100 km north of the endemic species’ ranges. Endemic ranges are disjunct from suitable northern areas due to a ∼100–150 km gap of unsuitable habitat. Under future climate change, models predicted severe reductions in suitable habitat within current endemic ranges. For non-endemic species, we found similar overall patterns and gap of unsuitability in the same geographic location. Our results suggest a history of dispersal limitation following the last glacial maximum along with an environmental barrier to northward migration. Conservation of endemic species would likely require intervention and assisted migration to suitable habitat in northern New England and Canada.
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INTRODUCTION

Understanding the abiotic, biotic, and historical factors that have shaped species’ current geographic distributions is crucial for predicting how species might respond to modern climate change. If species’ geographic distributions and range limits are determined largely by climatic factors (Woodward, 1987; Gaston, 2003), it is expected that ranges will need to shift substantial distances poleward in order to track favorable conditions as climate warms. There is growing evidence from empirical studies and predictive models that climate change is causing widespread shifts in the distribution and abundance of species (Chen et al., 2011; Bellard et al., 2012; Ehrlén and Morris, 2015; Dainese et al., 2017; Wang et al., 2018) and increasing extinction risk (Thomas et al., 2004; Keith et al., 2008). Similar range shifts are well-documented for past climate variation associated with glacial cycles (Betancourt et al., 1990; Jackson and Overpeck, 2000). However, it is unclear if all species share this capacity for rapid migration, especially given the more rapid pace of contemporary climate change (Svenning and Skov, 2004, 2005; Dullinger et al., 2012).

These range dynamics highlight a distinction between a species’ realized distribution and the actual extent of its potential distribution. For well-dispersed species, the realized and potential distributions may overlap extensively at geographical scales, even during times of environmental change (i.e., ranges that are in “dynamic equilibrium” with the environment, Webb, 1986). For poorly dispersed species, or those facing geographical barriers to colonization of disjunct suitable habitat, the realized distribution might only partly fill the full extent of the species’ potential distribution (“poor range-filling capacity,” Svenning and Skov, 2004). Species tending toward the latter scenario represent a significant challenge for conservation in the face of modern climate change, as their distributions might already show long-term “disequilibrium” with the environment, and rapid and commensurate adjustments to further change might be unlikely.

Better documenting these range dynamics is particularly critical for protecting biodiversity hotspots, which often contain a concentration of narrow-ranged or endemic species: i.e., “hotspots” of endemism (e.g., Médail and Diadema, 2009). The locations of such hotspots appear to be linked to aspects of geography, physiography, and past climate change (Sandel et al., 2011). For example, Ohlemüller et al. (2008) showed that areas with high concentrations of narrow-ranged species have distinct climatic and physiographic characteristics compared to surrounding areas, often being cooler and higher in elevation. Similarly, it has been suggested that hotspots of endemism have formed in areas with reduced climate change “velocity” in the past, tracing to factors like elevational complexity, which can buffer species against rapid climate change (Loarie et al., 2009; Sandel et al., 2011; Scherrer and Körner, 2011).

In the North Temperate Zone, many endemic and small-ranged species tend to be concentrated around the locations of putative Pleistocene-era glacial refugia (Daubenmire, 1978; Estill and Cruzan, 2001). The long-term restriction of endemic species to these areas suggests a failure by some species to fill their expanding potential distributions as climate ameliorated during the Holocene (Jansson, 2003; Svenning and Skov, 2007). Consequently, there may already be substantial mismatches between some species’ current realized distributions and their potential distributions owing to historical factors, such as dispersal limitation. In eastern North America, a major center of endemism for plants and animals of deciduous forests is the Southern Appalachian Mountains hotspot (hereafter SAM; Petranka, 1998; Estill and Cruzan, 2001). Of the 189 small-ranged endemic plant species reported from temperate deciduous forests in the eastern U.S., 119 overlap the SAM in their distributions and 18 are entirely restricted to this region (Bellemare and Moeller, 2014). The current concentration of endemic species in the SAM hotspot may trace to this area’s history as a Pleistocene glacial refugium and to limited rates of postglacial dispersal (Stein et al., 2000). The observation that many of these range-restricted species can be grown in horticulture far to the north of their current native ranges, and sometimes even escape and naturalize, is consistent with the inferred role of dispersal limitation in these plants’ distributions (Sax et al., 2013). However, a detailed analysis of these patterns, and possible mismatches between realized native vs. potential distributions, has not yet been undertaken.

In this study, we used species distribution models (SDMs; Franklin, 2010) to test the hypothesis that narrow endemic forest herbs of the SAM have limited range filling, such that there is substantial suitable habitat to the north of their current ranges. We developed SDMs using maxent and boosted regression trees for four well-known, endemic species: Trillium vaseyi (Melanthiaceae), Shortia galacifolia (Diapensiaceae), Phacelia fimbriata (Boraginaceae), and Diphylleia cymosa (Berberidaceae). By documenting mismatches between these species’ realized vs. potential distributions, these models also allowed us to evaluate the role that historical factors, like dispersal limitation, might have played in forming their current ranges. Further, we used these models to predict the magnitude of projected changes in suitable habitat under climate change. As a point of comparison, we also developed SDMs for four more widespread forest herb species from the Appalachian Mountains that overlap in range with the SAM endemics but extend further north. We built these models using (1) occurrences from their entire range and (2) using just those from the SAM. These models provided two key insights. First, they determined whether models built with occurrences from only the SAM range had the capacity to accurately predict suitable habitat outside of the range. If the limited sampling of geographic space (Wallacean shortfall) results in sampling of a fraction of the realized niche (Hutchinsonian shortfall), SDMs may not predict the entirety of suitable habitat beyond the region where models were trained. Second, these models allowed us to quantify the extent to which geographic ranges might recede northwards with climate change and whether those projected changes are similar for endemic and widespread species. We addressed the following specific questions:


(1)For endemics, to what extent is apparently suitable habitat already present north of the species’ ranges, and is that unoccupied habitat contiguous or disjunct from the current range? How do these patterns differ from those of more widespread forest plants?

(2)What is the magnitude of loss of suitable habitat in the SAM under future climates? To what extent do projections of potential habitat under future climates overlap with current ranges, and are extrinsic dispersal barriers (environmental or physical) likely to influence the possibility of northward population expansion?

(3)What is the relative magnitude of projected northward range shifts under climate change for narrow endemics vs. more widespread forest herbs? In addition, to what extent do Wallacean shortfalls result in Hutchinsonian shortfalls and influence projections of suitable habitat beyond the SAM biodiversity hotspot?





MATERIALS AND METHODS


Study Species

We focused on eight species of herbaceous flowering plants whose ranges overlap in the forests of the Southern Appalachian Mountains (SAM: Figure 1). Four of these species are endemic to western North Carolina, eastern Tennessee, and adjacent regions (Phacelia fimbriata Michx., Diphylleia cymosa Michx., Shortia galacifolia Torr. & A. Gray., and Trillium vaseyi Harbison); two have widespread ranges across the eastern United States (Maianthemum canadense Desf., Trillium undulatum Willd.) and two have ranges that are intermediate to the others in size (Prosartes lanuginosa Michx., Houstonia serpyllifolia Michx.). The four more widespread species have similar habitat requirements to the four endemic species (Gleason and Cronquist, 1991 and personal observations), and in the southeastern United States their ranges are partially overlapping and restricted to the SAM.
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FIGURE 1. Species endemic to the Southern Appalachian Mountains biodiversity hotspot are shown in the top row. From left to right: Phacelia fimbriata, Diphylleia cymosa, Trillium vaseyi, and Shortia galacifolia. Non-endemic species with broader distributions are shown in the bottom row. From left to right: Maianthemum canadense, Houstonia serpyllifolia, Trillium undulatum, and Prosartes lanuginosa. Photo credits: M. canadense: By Halpaugh at English Wikipedia—Transferred from en.wikipedia to Commons., Public Domain. H. serpyllifolia: By Masebrock at English Wikipedia—Transferred from en.wikipedia to Commons., Public Domain. P. fimbriata, P. lanuginosa: Stephanie Erlandson. D. cymosa, S. galacifolia, T. vaseyi, T. undulatum: Jesse Bellemare.




Locality Data

We obtained occurrence records from the online database gbif (Global Biodiversity Information Facility1, see Supplementary Table 2.1 for DOIs), correspondence with other researchers, and our own field surveys for three of the four endemics: D. cymosa, P. fimbriata, and T. vaseyi. For the fourth endemic, S. galacifolia, we used pre-existing locality data, as it is a rare species that has been of considerable interest to botanists for centuries and its distribution is well-documented (e.g., Davies, 1955). Our field searches for the first three endemics occurred throughout sections of the Great Smoky Mountains National Park, Nantahala National Forest, and Cherokee National Forest during April, May and June of 2013 and 2014 when the species were flowering and most easily detected. The final set of occurrence data was filtered to remove duplicate or erroneous records, and eliminate those that lacked specific coordinates. Across all eight species, the total number of occurrences ranged from 20 to 1017 per species (Supplementary Appendix 2 and Supplementary Table 2.1). For the two widespread non-endemics, M. canadense and T. undulatum, some portions of the species’ range were far more heavily sampled than others. Therefore, we down-sampled occurrences across the range such that there was only one presence point per raster cell (0.1 degrees or 30 arc-seconds) using the R function “gridSample,” in the package “dismo” (Hijmans et al., 2017; R Core Team, 2017).



Environmental Data

We obtained environmental data from the online database WorldClim (version 1.42, Hijmans et al., 2005). We used a grid cell resolution of 1 × 1 km (30 arc-seconds) for the eastern United States (30–60 degrees latitude; −90 to −60 degrees longitude; tile 13). For each species, we selected environmental variables from the full list of 67 (36 temperature, 12 precipitation, 19 bioclim). Bioclim variables include various interactions among temperature and precipitation variables, such as the temperature of the wettest quarter. For maxent models, we pared down the number of environmental predictors using a principal components analysis (PCA) on the environmental data for the background points plus occurrences. Based on the PCA loadings, we eliminated highly correlated environmental predictors. This resulted in set of 3–6 predictors for each species (see Supplementary Appendix 2 and Supplementary Table 2.2). For boosted regression tree models, we conducted stepwise backward elimination until the deviance was minimized using the gbm.simplify function (Elith et al., 2008; Supplementary Appendix 3 and Supplementary Table 3.2).



Niche Breadth and Overlap

To examine whether pairs of our eight species share similar climate niches, we calculated Schoener’s D (using the R package dismo) for each pair of species using all Worldclim variables. Values of D may range from 0 (no niche overlap) to 1 (complete overlap).

We used the ecospat package in R to test for niche differentiation (Broennimann et al., 2012; Di Cola et al., 2017). For each non-endemic species, we used a principal components analysis (PCA-env) of the environmental variables incorporated into their respective SDMs (see below). We used Schoener’s D to quantify niche overlap. We tested if the climate niches for the full range of each species niches are more similar to the climate niches of their range in the Southern Appalachian Mountains than expected by chance using a permutation test (N = 999 permutations).



Species Distribution Models

We used two methods separately to develop species distribution models, maxent and boosted regression trees (general boosted models), as they have been shown to perform well compared to alternative methods (Elith et al., 2006; Hijmans and Graham, 2006; Phillips et al., 2006). Maxent is a machine-learning, presence-only method (Phillips et al., 2004); boosted regression trees (brt) is an ensemble method that combines regression trees and boosting (Elith et al., 2008). For simplicity, and because the models have similar predictions and evaluation scores, we present only the maxent results hereafter. Details of the brt methods and results can be found in Supplementary Appendix 3.

For the four endemic species, we built one type of model, which involved using all of our occurrence points (Southern Appalachian models: SA models). For the four non-endemic species, we built two different kinds of models. First, we built models using all of the occurrences from across the range as would be standard practice for SDMs (Full Range models: FR models). Second, we used only the subset of occurrences from the SAM; i.e., those that overlapped in distribution with the endemic species (SA models). This second approach provides a means for evaluating how well SDMs predict suitable territory outside of the SAM using only data from that region. This additional approach is important because it is well known that SDMs may perform poorly beyond the region where the model was developed and fail to predict range expansion (e.g., Briscoe Runquist et al., 2019, 2021; Lake et al., 2020).

We built SDMs using maxent version 3.4.1 implemented in R (Phillips et al., 2017a,b). Ten thousand background points were generated for non-endemic species; slightly fewer (6,000–9,000) were generated for the endemics because they had fewer occurrences over a narrower geographic extent (see Supplementary Table 2.3 for more details). To generate background points, we delineated a box encompassing the entire species’ range. For SA models (both endemics and non-endemics) background points were generated over an area encompassing the SAM plus adjacent lowland areas (34–36.5 degrees latitude; −85 to −80 degrees longitude). This area included the entire ranges of the four endemics. For the FR models for non-endemics, the area over which background points were generated included the entire temperate deciduous forest biome of eastern North America (30–60 degrees latitude; −90 to −60 degrees longitude). We clipped environmental layers for each model to these boxes using ArcMap software (ESRI, 2016).

For all species, hinge and product features were turned off. We increased the regularization coefficient (betamultiplier) to produce smoother response curves and prevent overfitting of models, especially when projecting to new areas (Supplementary Table 2.3; Warren and Seifert, 2011). Because our focal endemics are easily detectable during the period of time in which searches occurred, we increased the value of τ, the default presence detectability for them (Supplementary Table 2.3). Last, we used multivariate environmental similarity surfaces (MESS; Elith et al., 2010) to determine the distribution of analogous environments and limited our inferences about the distribution of potential suitable habitat to those geographic areas. For each species (and combination of SA and FR models) we report the results of one run of the model. We ran each model multiple times, each time drawing new background points, and the projections were very stable across model runs.

More details of model generation and setting selection can be found in Supplementary Appendix 2.



Model Evaluation

For all species, we used AUC and TSS for model evaluation. AUC, the area under the (receiver operating characteristic) curve, assesses model performance relative to random chance and ranges from 0 to 1 (Phillips and Dudiík, 2008). The true skill statistic, TSS, is a threshold-dependent metric based on the sensitivity (true positive rate) + the specificity (true negative rate)–1 (Allouche et al., 2006). Values range from −1 to +1, with 0 indicating model performance no better than chance, 1 indicating perfect accuracy, and −1 indicating perfect inaccuracy. We evaluated TSS at a model-dependent threshold value, where the sum of the true positive rate and the true negative rate was maximized (Freeman and Moisen, 2008).

We evaluated all models using fivefold cross validation. We trained each model with 80% of the occurrence and background data, and then tested against the other 20% of occurrences (fivefold cross-validation). AUC and TSS values were averaged across the five runs. Second, we evaluated how well the SAM models predicted occurrences outside (to the north) of the SAM for the four more widespread species.

The environmental variables that most negatively affected the probability of occurrence for each raster cell were determined using the “limiting” function in the package “maxent” (Elith et al., 2010). We were particularly interested in which environmental factors limited suitability at and beyond the northern border of the endemic species’ ranges.



Projections Under Climate Change

We projected future ranges of each species using two global circulation models (GCMs) and two emission scenarios: GCMs HadGEM2-ES and NorESMI-M from among the five recommended by Warszawski et al. (2013) and McSweeney and Jones (2016). These represent two potential extremes in temperature and precipitation variability in the eastern United States: the HadGEM2-ES model has high temperature variability and low precipitation variability, while NorESMI-M is the reverse. As the HadGEM2-ES model makes more extreme predictions as far as the severity of climate change compared to NorESMI-M, hereafter we focus on the more moderate and conservative NorESMI-M models (see Supplementary Appendix 4 for HadGEM2-ES Figures). For each GCM, we made projections under the “worst-case” carbon emission scenarios (no change in emissions: rcp8.5). The resulting two types of climate change scenarios were then projected for years 2050 and 2070.

We also projected the distribution of suitable habitat at the last glacial maximum (∼21,000 years BP) using paleoclimate data from the PMIP2 database3, accessed in WorldClim, and using the MIROC global circulation model. Results are shown in Supplementary Appendix 6.




RESULTS


Niche Breadth and Overlap

Endemics and non-endemics had a wide range of niche overlap within and between groups. For example, the endemic P. fimbriata had very high niche overlap with the endemic D. cymosa (0.96) and the non-endemic H. serpyllifolia (0.90) but low overlap with the endemic S. galacifolia (0.18). The mean niche overlap did not differ significantly when comparing pairs of endemics (mean D = 0.56), pairs of non-endemics (mean D = 0.56), and pairs including one endemic and one non-endemic (mean D = 0.58; P = 0.983). More information on the natural history of each species and pairwise D-values can be found in Supplementary Appendix 1 (see Supplementary Table 1.1. for pairwise D-values).

As expected, climate niche breadth was greater for the full range (FR) of occurrences compared to the Southern Appalachian (SAM) occurrences for all four non-endemic species (Supplementary Figure 1.1). When comparing FR and SAM niches, Schoener’s D-values were highest for H. serpyllifolia and P. lanuginosa (0.75 and 0.63, respectively) and there was significant niche overlap between the SAM and FR occurrences for each species (P = 0.021 and 0.014, respectively). By contrast, niche overlap was lower for M. canadense and T. undulatum (0.32 and 0.31, respectively) and niche overlap was not greater than expected by chance for each species (P = 0.26 and 0.33, respectively).



Endemic Species: Current Ranges and Species Distribution Model Predictions

Model evaluation showed high AUC scores for all endemic species (0.86–0.98), indicating good model fit, as well as moderate to high TSS values (0.63–0.95; Table 1). Below we focus our discussion of the distribution of suitable habitat to areas with suitability scores of 0.7 or greater. Predicted suitable habitat in all models for the SAM overlapped with the current ranges (i.e., realized distributions) of the endemic species (Figures 2A,E,I,M). Suitable habitat for P. fimbriata and D. cymosa spanned most of the SAM along the border of North Carolina (NC) and Tennessee (TN), while suitable territory for T. vaseyi and S. galacifolia was concentrated in the southern half of this region.


TABLE 1. Evaluation metrics of SDM predictive performance based on fivefold cross validation where 80% of occurrences and background points were used for training and 20% of occurrences for testing.
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FIGURE 2. Predicted suitable habitat of endemic species using the maxent modeling method. A portion of the eastern United States overlapping our focal area is shown; Tennessee (TN), North Carolina (NC), South Carolina (SC), and Georgia (GA). Other labeled states include New York (NY), Pennsylvania (PA), Virginia (VA), West Virginia (WV), and Ohio (OH). Both present and future climate scenarios are shown. Rows indicate species, columns indicate climate data used. Present and future climate data are taken from WorldClim version 1.4. “NOR” indicates the general circulation model NorESMI-M. Models are projected into the year 2070 using the climate emission scenario rcp8.5. A pseudo Plate Carree projection is used, which is the default in ArcMap. We refer the reader to particular plots in the text using the letter labels (A–P).


Beyond the SAM, the SDMs for P. fimbriata and D. cymosa also predicted highly suitable habitat (i.e., potential range) in some northern areas outside these species realized distributions or native ranges (Figures 2C,O). For P. fimbriata, predicted suitable habitat occurred in West Virginia (WV), Pennsylvania (PA), and portions of New York (NY) and New England (see Supplementary Figure 2.1 for maps that show the entirety of the Appalachian range including New England). For D. cymosa, our model predicted parts of WV, upstate NY, and New England to be highly suitable. Notably, models for both species predicted a gap or break in suitable habitat in Virginia (VA), spanning west-to-east across the Appalachians in a region of lower elevation terrain. This gap in suitability (∼140 km wide along its south-to-north axis) across the mid-Appalachians results in a discontinuous distribution of predicted suitable habitat along the Appalachian Mountain corridor. For T. vaseyi, there is a small area of high suitability in the White Mountains of New Hampshire (Supplementary Figure 4.4). For S. galacifolia, SDMs predicted no highly suitable habitat outside the current range (Figures 2K,G). In Figure 2, we show a portion of the Appalachians up to southern New York so that details of the projections are easily visualized. In Supplementary Figure 2.1, we show projections for the entirety of Appalachian Mountain range including New England and southern Canada.



Endemic Species: Future Projections Under Climate Change

We limited our future projections to analogous environments, determined by MESS plots, in the eastern United States. To describe changes in the distribution of suitable habitat we used a threshold of 0.7 suitability. Most future climate projections showed moderate to severe reductions (range 86.5–100%) in suitable habitat within the endemics’ current ranges, while one species (D. cymosa) showed both retention and gain of suitable habitat (31% gain). In most cases, species also showed losses of suitable habitat to the north of their current ranges. We focus on the results of future projections for one climate change scenario (NorESM1-M, rcp8.5, 2070; see Supplementary Appendix 4 for HadGEM2-ES Figures). In this scenario, only P. fimbriata and D. cymosa retained substantial areas of highly suitable habitat (>70% suitability) to the north of their ranges (Figures 2D,P and Supplementary Figure 2.1). Descriptions of other climate change scenarios and future time points can be found in Supplementary Appendix 4.



Non-endemic Species: Current Ranges and Species Distribution Model Predictions

For the non-endemics, the Southern Appalachian (SA) models had high AUC (0.94–0.97) and TSS scores (0.80–0.94; Table 1). Full Range (FR) models had moderate to high AUC (0.71–0.91) and TSS scores (0.35–0.72; Table 1). FR model predictions overlapped strongly with the species’ current ranges, with 78–91% of presence points falling in areas predicted by models to be suitable habitat (Figures 3C,G,K,O); this suggests substantial “filling” of climatically determined potential distributions. For all non-endemics, SDM predictions also captured the observed restriction of these species to the high elevation areas of the Southern Appalachian Mountains in the southeastern U.S., as well as their much broader east-west distribution north of PA.
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FIGURE 3. Predicted suitable habitat of FR (full range) models for non-endemic species using the maxent modeling method. A portion of the eastern United States is shown; Tennessee (TN), North Carolina (NC), South Carolina (SC), and Georgia (GA). Other labeled states include New York (NY), Pennsylvania (PA), Virginia (VA), West Virginia (WV), Ohio (OH), and Maine (ME). FR (full range) models were constructed using presence points found within the entire range of the species. Rows indicate species, columns indicate climate data used. Both present and future climate scenarios are shown. Present and future climate data are taken from WorldClim version 1.4. “NOR” indicates the general circulation model NorESMI-M. Models are projected into the year 2070 using the climate emission scenario rcp8.5. A pseudo Plate Carree projection is used, which is the default in ArcMap. We refer the reader to particular plots in the text using the letter labels (A–P).


The non-endemic SA models for M. canadense, T. undulatum, and P. lanuginosa had greater predictive performance than the FR models for both AUC and TSS (Table 1). Whereas, for H. serpyllifolia, performance metrics were very similar for the two types of models.

We also evaluated how well SA models predicted occurrences to the north of SAM that were not included in model building. Overall, SA models had fair to moderate predictive performance for H. serpyllifolia (AUC: 0.70; TSS: 0.41), M. canadense (AUC: 0.65; TSS: 0.23), P. lanuginosa (AUC: 0.55; TSS: 0.21), and T. undulatum (AUC: 0.62; TSS: 0.11).



Non-endemic Species: Future Projections

For most species, the FR models predicted significant reductions in suitable habitat within current ranges and often losses outside of ranges as well; however, those losses were not nearly as severe as in the SA models (61–95% losses for SA models; 23–66% losses for FR models; Figures 3, 4). For example, SA models predicted that M. canadense would lose 95% of its predicted suitable habitat in North America (Figure 4P); whereas, FR models predicted a loss of less suitable territory in North America (66%) and a shift of 23% of its range to northern NY and New England (Figure 3P). SA models predicted T. undulatum’s range to recede (61% lost; 26% shifted north) primarily to parts of Ontario and Quebec (Figure 4L), whereas FR models were less severe in predicting recession (45% lost; 50% shifted north) to northern NY, New England, and parts of Canada (Figure 3L). Areas of suitable habitat for P. lanuginosa and H. serpyllifolia show no movement northwards, but simply retention or loss.
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FIGURE 4. Predicted suitable habitat of SA models for non-endemic species using the maxent modeling method. A portion of the eastern United States is shown; the maps in the first two columns are centered on the border between North Carolina and Tennessee. SA (Southern Appalachian) models were constructed using presence points found only within the Southern Appalachian Mountains. Rows indicate species, columns indicate climate data used. Both present and future climate scenarios are shown. Present and future climate data are taken from WorldClim version 1.4. “NOR” indicates the general circulation model NorESMI-M. Models are projected into the year 2070 using the climate emission scenario rcp8.5. A pseudo Plate Carrée projection is used, which is the default in ArcMap. We refer the reader to particular plots in the text using the letter labels (A–P).




Environmental Predictors and Limiting Factors

Common environmental predictors emerged among models for different species, including temperature of the wettest quarter and of the driest quarter (Supplementary Table 2.2). Based on response curves to all common predictors, species prefer cool temperatures year-round, narrow annual temperature ranges, high precipitation, and low precipitation seasonality.

Three endemics had an area of predicted unsuitable habitat in VA, resulting in a discontinuous distribution along the Appalachians. For all endemics, low precipitation was a key limiting factor in this region (as well as in geographic regions to the north). Low precipitation of the warmest quarter most limited the range of P. fimbriata and D. cymosa, low precipitation of the coldest quarter for T. vaseyi, and low precipitation of the driest month for S. galacifolia.




DISCUSSION

In response to historical and recent climate change, the ranges of many plant species have shifted to higher elevations and to higher latitudes (Jackson and Overpeck, 2000; Kelly and Goulden, 2008; Chen et al., 2011). However, evidence is increasing that for other plant species, particularly small-ranged endemics, there might be large mismatches between species’ realized and potential distributions (Svenning and Skov, 2004, 2007; Van der Veken et al., 2008; Sax et al., 2013). This phenomenon of “poor range-filling capacity” seems likely to trace to long-term dispersal limitation and the existence of biogeographical barriers or disjunctions between occupied vs. suitable-but-unoccupied regions. Our results for a set of four endemic forest herbs from the Southern Appalachian Mountains (SAM) of the eastern U.S. indicate that this dynamic may explain the restricted distributions of some endemic species, and could be important for gauging these species’ capacities to respond to modern climate change.

Past work showed that the majority of narrow-ranged forest herbs overlap the SAM biodiversity hotspot in distribution (Bellemare and Moeller, 2014). However, it has been unclear as to whether that concentration of diversity reflects dispersal limitation following the last glacial maximum vs. specialization to the Southern Appalachian climate. Species distribution models (SDMs) revealed areas of high predicted habitat suitability up to 1140 km north of the endemic species’ current ranges in the SAM. For example, with the endemics P. fimbriata and D. cymosa, large areas of currently suitable habitat were predicted in northern areas that are disjunct from their restricted native ranges in the southeastern United States. The largest area of predicted suitable habitat for both species, and the closest to the SAM, occurred in the Allegheny Mountains of West Virginia (WV). This region was also identified as the most suitable region for the endemic T. vaseyi outside of its native range; however, the predicted level of suitability was lower. In addition, all three of these endemics had areas projected to be suitable in southern New England. For most SA non-endemic models, the Allegheny Mountains were also predicted to be suitable (with 60–100% suitability), indicating agreement among model predictions for a variety of Southern Appalachian Mountain forest herbs. The Allegheny Mountains region receives similar amounts of both annual precipitation and precipitation in the driest month as the SAM and hosts a high diversity of forest plant species, constituting a northern extension of a biodiversity hotspot for temperate forest herbs (Bellemare and Moeller, 2014). Overall, our models identify this region as most climatically similar to the Southern Appalachians and suggest that it might currently allow for the persistence of the endemics if colonized naturally or via “assisted migration.”


Barriers to Northward Migration From the Southern Appalachian Mountains Hotspot

All eight of our SA models (both endemic and non-endemic) predicted highly unsuitable habitat in southwest VA, spanning across the east-west extent of the Appalachians Mountains (ca. 140 km wide from south-to-north). This gap lies just north of the SAM biodiversity hotspot, and just south of the Allegheny Mountains of WV. Without this distinct gap, suitable territory would be continuous along the north-south axis of the Appalachian Mountains for most species investigated. Therefore, this gap could have functioned as a significant barrier to dispersal, preventing northward migration of the endemics following the Pleistocene.

If this gap was important in limiting postglacial migration of the endemic plants investigated, what might explain the presence of ecologically similar non-endemics on both sides of this gap? Recent studies suggest at least two non-exclusive hypotheses for the wide disparity in ranges seen among temperate deciduous forest species. First, non-endemics may differ from endemics in their dispersal capacity, which may have enabled long-distance dispersal for some species across the lower-elevation gap inferred from our models. Based on our current knowledge and small sample size, there is no obvious relationship between dispersal mode and range size (endemics vs. non-endemics) in our pool of species (e.g., the endemic D. cymosa produces fleshy fruits seemingly attractive to birds). Second, the non-endemics might have persisted through the Last Glacial Maximum in northern microrefugia, rather than retreating exclusively to the SAM. Phylogeographic studies have suggested that a variety of taxa may have had northern refugia, closer to the LGM, that allowed for rapid recolonization of northern areas and formerly glaciated regions (McLachlan et al., 2005; Beatty and Provan, 2011; Li et al., 2013). Projections of our models for the LGM suggested that endemic species had highly suitable habitat only south of the Virginia gap; whereas, projections for one of the wider-ranged, non-endemic species (M. canadense) suggested that populations could have potentially persisted to the north of the gap (Supplementary Figure 6.1). Overall, widespread plants of this biome may have expanded their ranges following the last glacial maximum from multiple refugia. It is therefore possible that the endemic species’ ranges may have simply contracted more severely during the late Pleistocene and become isolated and stranded on mountains south of the VA gap.



Predicting Poleward Range Expansion

We constructed SDMs for a set of more widespread forest herbs using (1) occurrences from across the full range (FR models) and (2) occurrences only in the Southern Appalachians (SA models). Specifically, we asked whether SA models (having a Wallacean shortfall) successfully predicted known occurrences to the north and the extent to which they differed from the FR models (i.e., to what extent do FR models exhibit a Hutchinsonian shortfall). Overall, predictive performance was fair to moderate when we tested whether SA models predicted occurrences to the north of the SAM. These results suggest that Hutchinsonian shortfalls likely compromised predictive capacity beyond the range. Such Hutchinsonian shortfalls are evident from the niche overlap analyses, which showed that SAM occurrences reflected a subset of the overall climate niche of each species. This discrepancy was more pronounced for T. undulatum and M. canadense. Nevertheless, for those two species, we found similar predictions of the geographic extent of suitable habitat outside of the SAM from the FR and SA models. Overall, our niche analyses and SDMs suggest that projections of suitable habitat to the north of current ranges can be challenging because the range where models were trained includes only a subset of environmental variation to the north. Although our models may not identify all of the potentially suitable areas beyond the range, they do predict a fraction of them, and those areas could be targeted for conservation efforts like assisted migration.



Climate Change and Implications for Conservation

Species with low dispersal and poor range-filling capacity may be especially threatened by modern climate change because they are unlikely to migrate quickly enough to keep pace with changing climate (Thomas, 2011). In some cases, their realized and potential distributions might shift apart entirely, exposing them to high risk of extinction (Sax et al., 2013). In this context, many endemics might be particularly susceptible, as their distributions often reflect past marginalization by climate change (e.g., Pleistocene glaciations), and their current distributions are often restricted to unusual habitats (high elevations, north slopes) in southern areas that are surrounded by warmer, unsuitable habitat (Ohlemüller et al., 2008). Conservation of such endemics may require assisted migration (McLachlan et al., 2007). However, in the case of endemic forest herbs of the SAM, it has been unclear whether suitable habitat already exists outside their native ranges.

Our models based on current climates predicted suitable habitat north of the range margins of three endemics, suggesting that assisted migration could be successful currently and that single, larger-scale translocations might be feasible, rather than “many small steps” moving incrementally northward over decades. It is important to note that SDMs are correlative and may not be effective at predicting suitable habitats in future environments or beyond the range. Moreover, predictors in SDMs may not have a causal relationship to the distribution of suitable habitat even in the calibration range. Important predictors in models could be correlated with one or more variables that were eliminated. Nevertheless, we found that similar areas of potentially suitable habitat north of the SAM were identified for different species whose models were built with different environmental variables.

By the year 2070, the native ranges of the endemics were predicted to become almost completely unsuitable, with the exception of D. cymosa, whose range receded to the southern half of its current distribution. In the southern half of its range, there is projected to be a large decrease in the temperature of the driest quarter; this variable remains unchanged in the northern half of its range. Additionally, in the northern half of its range, temperature of the wettest quarter is projected to increase, and this variable remains unchanged in the southern half of its range. Outside of native ranges, only P. fimbriata retained predicted suitable habitat in the more northern areas where we projected our models (upstate NY, northern New England, and Canada). Notably, D. cymosa and S. galacifolia are known to survive, reproduce, and recruit new adults in parts of New England where they have been transplanted decades ago, making these patterns plausible (J. Bellemare, pers. obs.). For non-endemics, the FR models predicted strong declines in suitable habitat within the SAM for both T. undulatum and M. canadense, but more modest changes for P. lanuginosa and H. serpyllifolia. Although species’ responses are clearly individualistic, the underlying trend toward poleward movement of suitable habitat, and decline within current ranges, is generally consistent across species.

Species distribution models presume a close match between species’ current native distributions and their fundamental climate tolerances. However, it is possible that rapid evolution could alter species’ tolerances to novel climatic conditions in the future, allowing populations to persist in situ despite altered conditions. Rapid evolution in response to climate change, though well-documented in some plant species (Franks et al., 2007), appears insufficient to counter the rapid pace of modern climate change (Franks et al., 2018). Rapid evolution may be particularly unlikely for long-lived perennials with protracted generation times, like the forest plant endemics investigated in this study. Beyond rapid evolution, it is also conceivable that the fundamental niches of some plant species, especially small-ranged endemics, might already include tolerances for abiotic conditions beyond those inferred from their current native ranges (Sax et al., 2013). In the case of the endemics investigated here, our LGM projections suggest that they could have persisted near their present-day distributions in the SAM even during the colder climatic conditions of the Pleistocene (Supplementary Figure 6.1). This pattern is consistent with horticultural observations that narrow endemics of the SAM often survive and reproduce in gardens far to the north. However, this Pleistocene context might not suggest a similar likelihood for pre-existing tolerance to the significantly warmer conditions projected for the future given that they would be unprecedented in the recent geological past.

In the absence of rapid evolution or preexisting tolerances, poleward migration might be necessary for the long-term survival of the endemic species investigated here. However, natural dispersal to northern areas for endemic species may be particularly unlikely, given their apparent lack of substantial northward migration during the Holocene. Diffenbaugh and Field (2013) predicted that range shifts of several kilometers per year would be needed to shift in response to warming climate for species’ whose range limits are closely matched to current climate. The endemic species in our study would need to be able to disperse at least 2.7 km per decade in order to reach predicted suitable habitat in eastern WV by 2070, if dispersal was diffuse. However, it is important to note that for D. cymosa and P. fimbriata suitable habitat in WV disappeared by 2070. This area may be a crucial stepping-stone in northward migration, but its future unsuitability could further minimize the probability of natural northward range shifts. Given the severity of reductions in suitable habitat within the range and the disjunct nature of suitable habitat outside the range, assisted migration may be an important strategy for long-term conservation (Hoegh-Guldberg et al., 2008). An important next step in evaluating these SDMs is to confront predictions of habitat suitability with estimates of fitness and population growth from transplant experiments. Our efforts in that area are ongoing.
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