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China has many threatened plant species, which are exposed to environmental degradation and other anthropogenic pressures. We assessed support for potential extinction pathways in Chinese angiosperm genera and quantified possible threats to phylogenetic diversity. We compiled a database and phylogeny for 27,409 Chinese angiosperm species in 2,453 genera. For each genus, we used the International Union for Conservation of Nature (IUCN) Red List classifications to quantify extinction risk and calculated predictors corresponding to their ecological, evolutionary characteristics and exposure to human pressures. We first tested for phylogenetic clustering in extinction risk among genera and then tested support for direct and indirect causal pathways involving our predictors using piecewise structural equation models. Finally, we quantified the potential loss of phylogenetic diversity under different extinction scenarios. We found that extinction risk is non-randomly distributed among Chinese angiosperm genera, with the proportion of threatened species higher in range-limited and species-rich taxa. Habitat loss had a significant positive effect on threatened species richness. Phylogenetic diversity loss under scenarios: the decreasing habitat loss and relative extinction rate were high. Thus, genera would suffer from high extinction risk, if species in these genera occupy similar niches and overlapping ranges. While diversification or speciation via niche divergence might increase range-limited species vulnerable to stochastic extinction, this could reduce extinction risk of the whole clade by expanding its range and climatic niche tolerance. Endemic genera with higher extinction rates, less climatic niche divergence, and lower range segregation are especially vulnerable to anthropogenic disturbances.
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INTRODUCTION

Biodiversity loss is among the most serious threats of global change, but the risk of extinction is non-randomly distributed across the tree of life (Vamosi and Wilson, 2008; Vamosi et al., 2018; Davies, 2019). Identifying those species most at risk could, therefore, help to inform effective interventions, helping to ameliorate the worst impacts. Two common methods for quantifying risk of extinction are: (i) to predict changes to available habitat area and use any resulting change in potential range size as a proxy for risk (Purvis et al., 2000b) or (ii) to use a functional approach, where the relative risk among species is determined via their characteristic traits (Chichorro et al., 2019). However, both the geographical ranges and functional traits retain some imprint of evolutionary history. A more nuanced view of extinction risk emerges when both the ecological and evolutionary aspects of the target taxa are considered, including resulting changes in phylogenetic diversity (PD) (Gumbs et al., 2020). If our goal is to conserve evolutionary potential, large clades with many threatened species are particularly important, since these clades may be where most speciation is occurring. On the other hand, environmental change could have a disproportionate effect on some closely related species or clades because clade-specific characteristics associated with elevated rates of speciation may also promote extinction, if these characteristics are conserved through time (sensu phylogenetic niche conservatism) (Hadly et al., 2009). Moreover, human development pressure tends not to be randomly distributed, adding a third source of uncertainty (Di Marco et al., 2018). Here, we consider ecological, evolutionary, and anthropogenic predictors to predict extinction risk among Chinese angiosperms.

Methods to predict extinction risk as a function of changes to geographical range size invoke the concept of niche (sensu Hutchinson, see Holt, 2009), where the potential range in climatic conditions within which a species can persist (its climatic niche) is based on its current or historical geographical range. This climatic niche can then be used to maps the performance and endurance of species and clades onto environmental space under future climate projections. Under this approach, species with high vulnerability to extinction are those that have narrow climatic niches (Foden et al., 2009), lack potential for range expansion (Zhu et al., 2012), or are unable to evolve their climatic tolerances (Holt, 1990). Geographic range size is consistently the most useful predictor of both the historical and contemporary extinction risk (IUCN Species Survival Commission, 2001; Gaston and Fuller, 2009; Humphreys et al., 2019). However, this is not universal, as geographically restricted species that are more specialized and better adapted locally can have high local abundances (Lesica et al., 2006), while species with wider niche (and geographical) range may suffer from gene flow across suboptimal environments resulting in low abundance (Williams et al., 2009). Moreover, climate is more often found to have indirect influences on extinction risk, through its influence on other ecological and evolutionary processes, such as geographic range shifts, biotic interactions, and lineage diversification (Davies et al., 2011; Cahill et al., 2013).

Functional approaches to quantify extinction risk instead seek to identify specific traits that predispose species to persist or become extinct for a given environmental change. For example, prior review of the fossil records has identified numerous reproductive, physiological, and behavioral traits that enable small plant populations to persist and speciate in the face of extreme environmental changes during the Cretaceous–Paleogene extinction event (McElwain and Punyasena, 2007; Rieseberg and Willis, 2007). Several recent studies have also found significant correlations between biological and functional traits and extinction risk in studied groups of plants (Nic Lughadha et al., 2017, 2020; Chichorro et al., 2019; Humphreys et al., 2019). However, biological traits alone do not adequately explain the observed variation in contemporary extinction risk (Fréville et al., 2007; Leao et al., 2014). For example, plant functional traits associated with elevated extinction risk in continental and global-scale studies (Sakai et al., 2002; Vamosi and Vamosi, 2005) are often found to be non-significant or even show opposite trends in other regions or clades (Sjöström and Gross, 2006).

While most assessments have focused on extinction risk at species level within a specific taxonomic grouping (Powers and Jetz, 2019), studies on extinction risk at higher taxonomic levels (e.g., for genera) are required to bring evolutionary and ecological insights to conservation practice. From the climatic niche viewpoint, if we define the niche of a clade as the climate conditions across all the localities for all the congeners in that clade (Gómez-Rodríguez et al., 2014), then clades in which climatic tolerances can evolve rapidly may diversify by expanding their ranges into different environments. At the level of the clade, this could buffer them from extinction by reducing niche overlap (Holt, 1990; Kozak and Wiens, 2010). This might well explain why rapidly diversifying clades can contain more threatened plant species, but still be relatively species rich (Lozano and Schwartz, 2005; Davies et al., 2011).

Clearly, different human pressures interact with different ecological and evolutionary factors to promote extinction in the Anthropocene (Steffen et al., 2011; Di Marco et al., 2018). Even if elevated speciation rates of more specialized clades can, to a certain extent, buffer them from being lost to extinction (Heard and Mooers, 2000), pressure from human encroachment throughout their range could still make them vulnerable (Di Virgilio et al., 2017). If extinction operates disproportionately upon lineages that represent survivors of once more diverse clades, the loss of a few species might have large effects on future phylodiversity. By contrast, if extinction risk was clustered on more recently derived lineages of species, we may risk losing entire clades from some regions due to spatially structured anthropogenic pressures such as habitat transformation, pollution, and climate change. Placing studies evaluating extinction risk are critical to improve our understanding of the potential consequences of biodiversity loss and to avoid worst-case loss of natural heritage (Verde Arregoitia et al., 2015; Bohm et al., 2016).

Flowering plants (i.e., angiosperms) dominate modern terrestrial ecosystems and play essential roles in ecosystem services provision. Although, only around 5% of all the plants have been received global conservation assessments (Knapp, 2011), it has been estimated more than 20% of species would fall within the International Union for Conservation of Nature (IUCN) Red List “threatened” categories (Brummitt et al., 2015). Climate change over the past 30 years has produced significant changes in species’ phenologies, range margins, and abundances (Pimm et al., 2014). However, the paucity of conservation assessments for plant species limits our understanding of the most critical extinction risks required to improve conservation practice.

Here, we combing recent evaluation of the conservation status of Chinese higher plants with a comprehensive molecular phylogeny (Lu et al., 2018) to conduct a regional study of angiosperm extinction risk at the level of genera. China is home to around 35,000 vascular plant species and many are threatened by serious environmental degradation. Previous studies have identified geographical biodiversity hotspots for Chinese plant species (Sui et al., 2018), but their exposure to different predictors of extinction risk is largely unknown, especially in a phylogenetic context. Our aim here is to identify ecological, evolutionary, and anthropogenic drivers of the observed extinction risk distribution patterns among Chinese angiosperm genera.



MATERIALS AND METHODS


Overview of Approach

We first tested whether the evolutionary relatedness of angiosperm genera in China was correlated with their extinction risk by analyzing whether the proportion of threatened species in each genus differed from expectation. We then developed a causal path model linking present-day extinction risk among genera to hypothesized direct and indirect effects of ecological, evolutionary, and anthropogenic factors. We used piecewise structural equation modeling (SEM) to quantify support for the hypothesized path model, allowing us to control for phylogenetic relatedness. We tested the path model for all the genera and for those genera endemic to China. Finally, we assessed the potential loss of PD under different extinction scenarios to predict the consequences of future biodiversity loss with different conservation prioritizations.

Steps in the analysis are described below.



Species Data and Phylogeny

The most recent IUCN Red List of Chinese Plants (2013)1 evaluated extinction risk for 29,530 (13,446 endemic) angiosperm species and infraspecific taxa in 2,793 genera and 249 families. Following the criteria of the IUCN (IUCN Species Survival Commission, 2001), species were assigned to one of seven conservation categories: least concern (LC), near-threatened (NT), vulnerable (VU), endangered (EN), critically endangered (CR), extinct in the wild (EW), and extinct (EX). For our purposes, species falling in the categories of CR, EN, or VU were classified as threatened. We validated records in the Red List of Chinese Plants correcting synonyms and removing introduced and cultivated species using the latest version of Flora of China (Wu et al., 1994–2013) and an online taxonomic name validation application.2

We collected the distribution data for Chinese plant species. We first compiled a county-level distribution dataset by combining 925,195 county-level distribution records in the Chinese Vascular Plant Distribution Database (CVPDD) and 9,166,930 specimen records retrieved from the National Specimen Information Infrastructure (NSII) (accessed on September 2017).3 As the CVPDD database was compiled from the Flora Reipublicae Popularis Sinicae (FRPS), provincial and regional floras in China, we further validated and corrected the distributional information obtained from the CVPDD using 1,903,030 NSII records with valid county-level observation since the 1980s to allow for possible extinction risk considering the intensified human activities in recent decades. The final dataset consisted of 27,409 species in 2,453 genera (158 angiosperm genera endemic to China; Wu et al., 2007) of 257 families.

A mega-dated phylogeny was obtained from Lu et al. (2018), including 2,909 angiosperm genera in 257 families as recorded in Flora of China (FOC). Since (1) several genera were not monophyletic in the original tree, we pruned the younger clades of those genera, retaining the older clade to represent the corresponding genus and (2) the Red List of Chinese Plants (2013) adopted a mixed classification system based on the FOC and FRPS, we pruned the phylogeny to retain only the 2,453 genera common to both the databases (provided in Supplementary Appendix 1) to facilitate downstream analyses.



Evolutionary Predictors of Extinction Risk

For each of the 2,453 genera in the pruned phylogeny, we calculated three evolutionary predictors of extinction risk. We extracted genus age (stem-group age) from the phylogeny and calculated net diversification rate (DivRate) (i.e., speciation rate minus the rate of extinction) and relative extinction rate (ExtRate) (i.e., the ratio of extinction rate to speciation rate) (Supplementary Appendix 2), using an improved version of Modeling Evolutionary Diversification Using Stepwise AIC (turboMEDUSA4; Alfaro et al., 2009; Pennell et al., 2014), incorporating species richness into each genus based on FOC (Supplementary Figure 1).



Ecological Predictors of Extinction Risk

As predictors of ecological risk, we calculated four predictors related to the current distribution of the genus and three predictors associated with the climatic niche. For each genus, its range size (range) was estimated by merging all the species in the genus to form a single genus distribution map (Hadly et al., 2009). Range position was represented by latitudinal range position (RngLat) and longitudinal range position (RngLon) midpoint of the genus distribution map. As an index of range segregation (RngSeg), we used the residuals from a linear regression of genus range size on the mean range size of all the species in the genus.



Climatic Niches

Environmental variables including contemporary bioclimatic variables were extracted from the WorldClim Database (grid size: 30 s, ∼1 km) (Hijmans et al., 2005) and the data of annual actual evapotranspiration (AET) and annual potential evapotranspiration (PET) were compiled from the Global Evapotranspiration and Water Balance Data Sets (Ahn and Tateishi, 1994). All the data layers were rescaled to a 50-km resolution grid with the Albers equal-area projection to make computation feasible.

We then performed a principal component analysis (PCA) on the correlation matrix of all the 19 climatic variables together with AET, PET, and moisture index (AET/PET, MI) after excluding one of any pair of variables having pairwise Pearson’s correlation coefficients > 0.7. We used the first two principal components (explaining 78.5% of the total variation) as each explained more variation than expected under a broken stick model. The full name and abbreviation of each climatic variable along with its loading on the first two PC axes are shown in Table 1. A mean PC score for each species was obtained by averaging PC scores across its distribution range on each PC axis. The mean PC score was used as a continuous character to quantify climatic niche position (NichP) and niche width (NichW) for each of the Chinese angiosperm genera and species. Specifically, genus/species NichP was calculated as the product of the mean PC1 and PC2 scores in each cell across its distribution range. The NichW for a species or genus was calculated by multiplying the ranges of PC1 and PC2 scores in each cell in the range of the taxon to obtain the niche hypervolume. The mean species NichW was the average NichW of all the species within the genus. Genus NichW regressed on mean species NichWs was used as an index of genus niche divergence (NichDiv) (i.e., non-overlap of species niches within genera) with zero residuals implying perfect niche conservatism (Gómez-Rodríguez et al., 2014).


TABLE 1. Percentage contribution (%) of individual climatic variable to the first two principal components (ClimPC1 and ClimPC2).
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Anthropogenic Predictors of Extinction Risk

Land cover/land-use data were compiled from Ran et al. (2010). Original data contained percentage area cover of corresponding vegetation types at 1 km resolution, which was aggregated to 50 km × 50 km equal area projected grids to match the species distribution maps. Historical habitat loss (HL) (before 2,000) was estimated as the sum of land area of urban settlements, crops, and two-thirds of the area of pasture cover, under the assumption that pasture lands were incompletely cultivated and less intensively used than croplands or urban areas (Lee and Jetz, 2011). Recent HL (2000–2014) was aggregated and projected from forest cover data at 30 m resolution (Hansen et al., 2013). The final HL predictor was the sum of historical and recent HL across species and genera ranges. We further estimated annual net primary productivity (NPP) values in the study area using MODIS gridded 1 km annual NPP product after excluding cropland and urban settlements for the period of 2000–2015 (Zhao and Running, 2010). A predictor of habitat quality (HQ) was estimated by averaging annual mean NPP across species and genera range maps.



Quantifying Taxonomic Extinction Risk

As a simple measure of the role of evolutionary history in extinction risk, we compared the proportion of threatened species within each genus against a random expectation. If extinctions occur independently of relatedness, the probability of extinction within a family (or genus) will be constant and equal to the global probability (Vamosi and Wilson, 2008). A reference distribution against which to test the observed value within a family (or genus) can be obtained using random draws (here 10,000) from binomial distribution with the probability of success (i.e., being a threatened species) in each draw calculated from the overall value across all the species (Vamosi and Wilson, 2008). Relevant global values in this study were 0.07 at the family level and 0.11 at the genus level. This approach should remove bias associated with the statistical analysis of proportions for varying species richness, especially for monotypic families or genera, which have either 0 or 100% of their species at-risk. However, in this case, we found this method failed to identify any of the monotypic families or genera as being at-risk, which may be of particular concern in regional conservation (Figure 1).


[image: image]

FIGURE 1. Density plot of Chinese angiosperm families (A) and genera (B) that are identified as threatened by randomization method assuming binomial distribution (red bars) and by extinction risk assuming negative binomial distribution (blue bars).


We, therefore, used Pagel’s lambda as an alternative test of whether evolutionary relatedness of Chinese angiosperm genera was correlated with their extinction risk (i.e., that it had a phylogenetic signal). We also estimated the phylogenetic signal in each predictor using both the Blomberg’s K and Pagel’s lambda. A lambda or K-value of 1 indicates a magnitude of the phylogenetic signal that is consistent with that produced by a Brownian evolutionary model, while a value of 0 indicates the absence of any phylogenetic signal. The estimation of these parameters and the test of their significance relative to 0 and 1 (based on likelihood ratio test) were done using the R package ‘‘phytools’’.5



Structural Equation Modeling

To determine the most important predictors of extinction risk, we first built a conceptual model describing potential causal pathways linking threatened species (or genus) richness with the ecological, evolutionary, and anthropogenic factors described above. Our final hypothesized causal path model included six ecological predictors (NichW, NichP, NichDiv, RngLat, RngLon, and RngSeg), three evolutionary predictors (Age, DivRate, and ExtRate), and two anthropogenic variables (HL and HQ). To overcome any circularity introduced by including range size and range segregation, we included both the climatic NichDiv and climatic NichW in the model framework (Supplementary Figure 3). We used ordinary least squares (OLS) linear regression and locally weighted regression (LOESS) to assess probable bivariate forms for the relationships between threatened species richness (TSR) [or genus species richness (GSR)] and ecological, evolutionary, and anthropogenic predictors (abovementioned 12 variables) using the R package ggplot2 (Wickham, 2016). GSR, genus TSR, genus range size (range), RngLat, and RngLon were subsequently log-transformed, with other variables standardized to 0–1 by (x- xmin)/(xmax -xmin) prior to analysis.

To test support for the hypothesized pathways, we used SEM (Grace et al., 2012). We implemented this with the piecewise SEM framework (Lefcheck, 2015) to allow us to fit component models using phylogenetic generalized least squares. Branch lengths in the phylogenetic tree were transformed based on estimated Pagel’s lambda values.

We stepwise optimized the constructed SEM model by considering “missing pathways” and comparing with other possible models with alternative pathways to explain the same dataset. The overall fit of the piecewise SEM was evaluated using Shipley’s d-separation test, Fisher’s C statistic, and the Akaike Information Criterion (AIC). Only statistically significant (p < 0.05) pathways generating the lower AIC score were retained in the model for further optimization (Shipley, 2013). We quantified the indirect effects of predictors on response variables (GSR and genus TSR in this study) by multiplying path coefficients along the pathway.

Given our primary interest was to identify pathways that influence the distribution of TSR among Chinese angiosperm genera, we summarize only significant variables with supported direct or indirect path coefficients. We reported the standardized coefficient for each path and explained variance (R2) for each of the component models based on methods proposed by Nakagawa and Schielzeth (2013). All the statistical analyses were performed with R software version 3.6.2 (R Core Team, 2016), with piecewise SEM implemented using the R package “piecewiseSEM”(Lefcheck, 2015). Final data are given in Supplementary Appendix 2.



Potential Loss of Phylogenetic Diversity

To explore the potential loss of PD under contrasting extinction scenarios, we used simulations where loss of genera was based on their relative ranking under various predictors of extinction risk. We sequentially pruned genera from the phylogeny after ordering all the genera according to their: (1) decreasing relative extinction rate, (2) increasing range size, (3) decreasing area of HL, and (4) decreasing relative extinction risk. The simulation proceeded by removing genera sequentially according to the different orderings based on the scenario of interest. Following the removal of each genus, the overall PD was recalculated. So, using relative extinction risk as an example, the genus predicted to have the largest extinction risk was dropped from the tree in the first pruning event, then the two genera predicted to have the largest and second largest extinction risk were dropped from the tree in the second pruning event and so on. For each simulated extinction scenario, we calculated the PD (Faith, 1992) loss with the results presented as a cumulative curve showing the loss of PD for a given number of genera.

As a point of comparison for the scenarios, we also generated a random PD loss curve. This proceeded first randomly sampling one genus from the Chinese angiosperm database and calculating the PD loss after pruning the genus. We continued this procedure by random sampling of two genera, and so on, until all the genera were pruned. We repeated this sampling 1,000 times to create a reference distribution and used the median and the 2.5 and 97.5% quantiles to quantify uncertainty in random PD loss of a given number of genera. As the scenarios contained only one possible ordering of genera removal resulted in only one possible value of phylogenetic loss as each tip is removed. This allowed us to determine whether the extinction rates resulted in a greater or lesser loss of PD that would occur from the random extinction of the same number of genera.




RESULTS


Extinction Risk Is Not Randomly Distributed Among Chinese Angiosperms

Randomization identified 45 families (15.6% of total) that contain more threatened species than expected, excluding families with only one species (Figures 1A, 2). No family contained significantly fewer threatened species than expected. At the genus level, 210 genera (8.6% of total) contained more threatened species than expected (red bars in Supplementary Figure 1), while randomization identified 152 monospecific genera (Figure 1B). Extinction risks had a significant phylogenetic signal (Pagel’s lambda = 0.276, likelihood ratio test P < 0.001, Blomberg’s K = 0.121, P < 0.01) indicating that it was generally more similar between closely related genera. As measured by Pagel’s lambda, all the genus-level variables exhibited a significant amount of phylogenetic signal (climatic NichW λ = 0.225, NichP λ = 0.695, NichDiv λ = 0.185, HL λ = 0.650, range size λ = 0.200, and range segregation λ = 0.094; all P < 0.001). Blomberg’s K gave a more conservative estimate of phylogenetic signal, with only three variables proving statistically significant (NichP K = 0.160, P < 0.01; HL K = 0.170, P < 0.01, and range, K = 0.152, P < 0.001), although NichW was marginally so (K = 0.079, P = 0.056). Highly threatened genera were phylogenetically clumped (D = 0.593) and departed significantly from Brownian [P (D > 0) < 0.001] and random expectation [P (D < 1) < 0.001].


[image: image]

FIGURE 2. Time-calibrated phylogeny of Chinese angiosperms families used in this study. Red bars represent genus species richness (GSR) in each family and blue bars represent threatened species richness (TSR) in each family.




Genus-Level Species Richness Dominated Explained Variation in Extinction Risk for Chinese Angiosperms

Statistically significant bivariate relationships were identified between all the ecological and anthropogenic factors and GSR (P < 0.05; Supplementary Figure 2), but only four ecological variables (climatic NichW, NichDiv, range, range segregation) have significance to TSR (P < 0.001; Figure 3).
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FIGURE 3. Bivariate relationships of ecological, evolutionary, and anthropogenic predictors to TSR (log-transformed). Ordinary least squares linear regression (blue line) and locally weighted regression (red line) were fitted for all the maps. NichP, nich position; NichW, nich width; NichDiv, genus niche divergence; RngLat, range position (latitude); RngLon, range position (longitude); RngSeg, range segregation; ExtRate, relative extinction rate; DivRate, net diversification rate; HL, habitat loss; HQ, habitat quality.


The final SEMs for TSR had an acceptable fit to the data (C14 = 19.05, P = 0.163). Easily the strongest relationship identified was the positive direct effects of genus-level species richness (path coefficient = 0.615, P < 0.0001) (Figure 4A). Genus-level species richness also mediated the indirect effects of range size, range segregation, and NichDiv on TSR (–0.06, P < 0.0001; 0.42, P < 0.0001; 0.26, P < 0.0001, respectively). Other direct effects on TSR identified were a negative influence of range (–0.16, P < 0.0001) and HL (0.09, P < 0.0001). Relative extinction rate had no significant effect on TSR, but a significant negative effect on NichDiv (–0.09, P < 0.01). After controlling for phylogeny, causal paths for evolutionary age, climatic NichP, climatic NichW, range position, diversification rate, and HQ were not supported, indicating that these had no significant effect on either GSR or TSR.
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FIGURE 4. Piecewise structural equation modeling (SEM) models of TSR of Chinese angiosperm genera (A) and endemic genera (B). Black arrows denote positive relationships and red arrows denote negative relationships. Non-significant paths (P ≥ 0.05) are not shown to keep simplicity. The thickness of the significant paths has been scaled based on the magnitude of the standardized regression coefficient. R2s for component models are given in the boxes of response variables. Values in parentheses are the indirect effects strength on TSR. NichDiv, genus niche divergence; RngSeg, range segregation; ExtRate, relative extinction rate; HL, habitat loss; GSR, genus species richness.




Extinction Risk in Endemic Genera Dominated by Range Segregation

The final SEM models for TSR applied only to the Chinese endemic angiosperm genera dataset that also had an acceptable fit to the data (C12 = 18.16, P = 0.111). However, it identified strikingly different pathways to that for all the Chinese genera (Figure 4B). Although genus-level species richness again had a direct positive effect (0.22, P < 0.05), range segregation, which had no direct effect for all the Chinese genera, was the most important direct effect (0.62, P < 0.0001). Also, contrasting with the all the Chinese genera model (Figure 4A), NichDiv had a direct negative effect on threatened endemic species richness (–0.35, P < 0.001). Consistent with the all the genera model, however, genus-level species richness again mediated the indirect effects for range segregation (0.15, P < 0.001) and NichDiv (0.12, P < 0.0001), but for endemic genera, it also mediated the effect of HL (–0.03, P < 0.001) on threatened endemic species richness. Surprisingly, neither range nor HL had significant effects on threatened endemic species richness (Figure 4B).



Loss of the Highest Relative Extinction Rate Genera Would Result in Worst-Case Initial Loss of Phylogenetic Diversity

All the extinction scenarios resulted in non-random loss of PD, but the trajectory varied markedly among them (Figure 5). For a 50% loss of genera, the random extinction scenario predicted the loss of nearly 40% of total PD [mean (95% confidence limits) = 38.5 (36.9, 39.8)%]. Selective removal of those genera with the highest relative extinction rate clearly resulted in the greatest initial loss of PD. For example, extinction of only 0.2% of those genera with the highest extinction rate would remove 3% of total PD. Predicted PD loss in order of increasing range size was most similar to that of random loss, but was still significantly higher for the first 25% and last 22% of genera. When genera were pruned according to decreasing order of HL, predicted PD loss was similar in broad trajectory, but consistently above that for random loss of genera. After the first 1.3% genera are lost, 67.5% of the predicted PD loss occurs in the decreasing HL scenario. PD loss for HL was not higher than that for decreasing extinction risk or increasing range size until 9 of the 13 most threatened genera and the 29 most range-limited genera were pruned. In the decreasing extinction risk scenario, predicted PD loss is greater than random for loss of the first 19.1% genera and the last 57.3% genera.
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FIGURE 5. The potential loss of phylogenetic diversity (PD) under different extinction scenarios compared with random extinction on the tree of life for Chinese angiosperms. The black solid line shows the median of expected PD loss by randomly pruning the same number of genera from the genera phylogeny 1,000 times. The gray area is the quantile range (2.5–97.5%) of the null model. The extinction scenarios include: decreasing habitat loss (HL) (blue line), decreasing relative extinction rate (green line), increasing range size (yellow line), and decreasing reduction of extinction risk (RER) (red line). Axes are square-transformed to facilitate interpretation.





DISCUSSION


Distributions of Extinction Risk Among Chinese Angiosperm Genera

Compared with estimates based on randomization alone, extinction risk quantified under a log-normal distribution better addressed the large species richness variation among clades by successfully identifying species-poor (especially monotypic) families and genera (Figure 1). When the same number of species are threatened, these clades would risk a higher level of extinction, whereas this is rarely the case for large families and genera. Extinction risk also correctly identified species-rich families harboring high proportions of species being threatened such as the Magnoliaceae and Orchidaceae. Twenty of the 88 genera identified as highly threatened according to extinction risk are endemic to China, but none of the 50 genera identified by randomization are endemic. These high-risk families and genera are also of particular importance to regional biodiversity conservation due to their distinct evolutionary history (Purvis et al., 2000a).

In agreement with previous studies (Sjöström and Gross, 2006; Thuiller et al., 2011; Pio et al., 2014; Zhang et al., 2017), we found that extinction risk of Chinese angiosperms is non-randomly clumped and this was broadly consistent across the two phylogenetic metrics (i.e., Pagel’s lambda and D statistics). Species in some families and genera tended to have a higher risk of extinction than expected by chance (Figure 2). The significant phylogenetic signal of extinction risk suggests that phylogenetic measures (such as evolutionary age, clade size, and diversification rate), which are associated with extinction-biasing traits, may be predictive of extinction risk. The low phylogenetic signal among the climatic niche variables suggests that the higher phylogenetic signal of extinction risk may stem from the selectivity of extrinsic threats such as human activities (Di Marco and Santini, 2015).



Causes of Extinction Risk Among Chinese Angiosperm Genera

The use of piecewise structural equation models enabled us to disentangle the direct and indirect causes of extinction risk variation among Chinese angiosperm genera while controlling confounding effects of their shared evolutionary history.

The consistent and positive effect of genus-level species richness on TSR for all the Chinese species and endemic species only (Figure 4) is in line with previous findings that species-rich taxa contain more rare/threatened species (Lozano and Schwartz, 2005). The negative relationship between range size and TSR across all the genera (Figure 4A) reflects the concentration of threatened species in range-limited genera. Although details on the factors used to assign conservation classifications in the 2013 Red List of Chinese plant species are somewhat opaque, the strong effect of range size may reflect the high frequency of plant species assessed under the range-based IUCN criteria, as is the case for reptiles (Bohm et al., 2016). The effect of range size on TSR was not significant among endemic genera (Figure 4B), which might simply reflect lower variation among these species, as median range size in endemic species (23.4 × 104 km2) is less than half that of overall genera (59.2 × 104 km2).

Niche divergence should promote higher genus-level species richness, but this had no direct effect on TSR for all the Chinese genera after controlling for other ecological and evolutional factors (Figure 4A). We suggest this is because most species-rich genera (e.g., Rhododendron, Pedicularis, Carex, and Gentiana) are distributed in mountainous regions, such as the Hengduan Mountains, eastern Yunnan and western Guangxi provinces with intense orogeny and complex terrain, which increase dispersal limitation and vicariance (Xing and Ree, 2017). The positive direct effect of range segregation on TSR of endemic-/range-limited genera supports the idea that further segregation of these already range-limited genera increased the number of VU species with extremely small range size. This is especially likely when the species in these highly range segregated genera tend to occupy similar climatic niches (i.e., low niche lability) due to phylogenetic niche conservatism.

For the effects of human activity variables on TSR, the positive effect of HL (Figure 4A) supports previous findings that genera with ranges intensely encroached upon by human development, such as agriculture or urban expansion that would include a higher number of threatened species (Lee and Jetz, 2011). In contrast, HL showed no direct effect on TSR in endemic Chinese genera, albeit despite an indirect negative effect on genus-level species richness (Figure 4B). This too may be because endemic genera are mainly distributed in mountainous areas that are not suitable and less encroached by human development (Huang et al., 2012).

We found some important predictors such as range size or HL that had no significant effects on TSR, which is probably related to the use of a coarse scale of ecological, evolutionary, and anthropogenic predictors and distribution data (a resolution of 50 km × 50 km grid). They could create some errors when estimating climatic niches of narrowly distributed taxa. A higher resolution of distribution data (e.g., occurrence data) for these species should be considered in future studies.



Loss of Phylogenetic Diversity Under Contrasting Scenarios

Phylogenetically clustered extinction risks do not necessarily lead to substantially elevated losses of evolutionary history, but depend on the topology of the phylogeny, relative depth of the clades, and on the order in which clades become extinct (Maliet et al., 2018). The phylogeny of Chinese angiosperm genera is highly imbalanced, as measured by the Colless index (P < 0.001) (Heard and Mooers, 2000). Here, we found that PD loss in the decreasing HL and relative extinction rate scenarios were mostly higher than in other scenarios (Figure 5). The “worst-case” scenario of HL is possible when some genera (e.g., Arisaema, Dioscorea, and Ulmus) that are successful in filling the geographic extent of their fundamental tolerances also suffer more from human disturbance. We should, however, note that this difference is not significantly above a random expectation, until the 9 most threatened genera (decreasing extinction risk scenario) and the 29 most range-limited genera (increasing range scenario) are pruned. The results of predicted PD loss of the latter two scenarios are also significantly higher than random when the last 57.3 and 22% genera are pruned. This suggests that high extinction risk genera both contain the lineages that are isolated clades representing a unique evolutionary history (e.g., Cypripedium, Syndiclis, and Sarcoglyphis) and retain less adaptive strategies that increase the overall extinction risk, such as a low degree of NichDiv or higher proportions of specialists (Day et al., 2016). Range-limited plant genera might also be disproportionately vulnerable to HL and climate change due to synergistic effects of a narrow climatic niche and higher dispersal limitations (Estrada et al., 2015).




CONCLUSION

While speciation via niche divergence may increase the stochastic extinction risk for range-limited species, this cost is necessary to reduce the overall extinction risk of a clade by expanding its range and climatic niche tolerance. Genera with higher extinction rates, less climatic NichDiv, and lower range segregation suffered from higher extinction risk even with little anthropogenic disturbances such as HL and exploitation. Although the effects of habitat encroachment are mostly indirect and significantly mediated by NichDiv and TSR, it is vital to prevent further habitat encroachment to avoid worst-case loss of PD.
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