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In order to apply, promote and consolidate the actions and strategies of conservation of 
a species in danger of extinction, it is desirable to have the most detailed information 
possible about its habitat and the variables that affect it. In this study, we examined 
how temperature, soil pH, precipitation and physiography affect occurrence of Taxus 
globosa, an endangered species in Central and North America. The medical importance 
(contains taxol, a substance to treat cancer) of this plant and its endemic status make 
it a highly priority species that requires all efforts to preserve it. Hypothesis evaluation 
of the abiotic variable–probability of occurrence relationships we did by using the 
generalized additive model with a Bayesian approach. Small climatic intervals we 
observed and response curves were asymmetric in most cases. Variables that showed 
statistical significance in the analyses were the mean temperature in the warmest 
month, mean annual temperature and the summer dryness index. The findings 
contribute to the scientific basis for the conservation and management of the species 
and could implement specific actions, such as the exact location of sites in the wildlife 
for assisted propagation trials, to establish or expand natural protected areas based on 
the altitudinal gradient or suitable climate ranges.

Keywords: Bayesian regression, biodiversity, climatic change, suitable temperature, 
Taxus globosa

Introduction

One of the species with the most restricted habitat in the world is Taxus globosa Schltdl 
(Taxaceae) (Cope 1998) whose distribution is limited to small sites forming patches, 
strips or populations with isolated individuals in Mexico, Guatemala, El Salvador 
and Honduras (Cope 1998, Contreras-Medina and Vega-Luna 2001, Shemluck et al. 
2003). Its habitat is in a critical state and its populations have decreased drastically 
in recent decades (Barrera 1990) and are currently classified as endangered (EN) 
in the wild (IUCN 2019) as well as in the Mexican Official Standard NOM-059-
SEMARNAT-2010 in the category of ‘special protection’ (SEMARNAT 2010). Besides 
being a species of high conservation interest, Taxus globosa stores paclitaxel (taxol) in 
its organs, mainly in the bark, twigs and leaves (Soto-Hernández et al. 2000), which 
is used in cancer treatments including cervical cancer, lung cancer and breast cancer 
(Saville et al. 1995, Soto-Hernández et al. 2000, Barquero 2007).

Influence of physiography, soil and climate on Taxus globosa
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Studies of the species have focused on its distribution from 
an overall perspective (Muñoz-Gutiérrez et al. 2019), identifying 
potential areas of distribution (Contreras-Medina  et  al. 2011, 
García-Aranda et al. 2012), on its demography (Zavala-Chávez 
2001); on the morphological variation of its seeds (Ramírez-
Sánchez et al. 2011) or studies on potential uses (Wheeler and 
Hehnen 1993, Soto-Hernández et al. 2000), among others. Yet, 
some topics about this species need to be further developed, 
including the taxol’s biosynthetic process (Ramirez-Estrada et al. 
2015); its reproductive cycle and dispersal mechanisms (López-
Herrera 2008) as well as its relationship with the abiotic variables 
that prevail in their natural habitat (López-Upton and García-
Martí 2015). For instance, the definition of the optimum 
temperature and the amount of humidity (rainfall) required at 
different times of the year, could be useful in designing mecha-
nisms of propagation of the species, including the artificial 
propagation; it would strengthen the underlying theory on the 
ecological relationships between T. globosa and the environmen-
tal variables that define its distribution and abundance.

When studying populations at risk of extinction, it is diffi-
cult to have very large samples, since a continuous collection 
of specimens or conducting censuses is costly and demands 
extra effort most times (Ortega-Argueta and Contreras-
Hernández 2013). Fortunately, different analytical methods 
have been explored in the constant search for reliable and 
robust results. Generalized linear models (GLM) (Nelder and 
Wedderburn 1972) being among the most consistent correla-
tive models for detecting the variables with the highest inci-
dence in the distribution of plants regardless of whether the 
data included in their structure follow a specific theoretical 
distribution, such as the normal distribution (Guisan et al. 
2002, Ravindra et al. 2019). Considering the limited avail-
ability of data on species at risk of extinction (such as Taxus 
globosa), the GLM with a Bayesian approach offers some 
additional advantages, including the possibility of robust 
modeling of data from small samples (Uusitalo 2007); but in 
addition, offers a causal explanation between the predictors 
and the variable of interest because it is a technique for learn-
ing, avoiding the construction of biased models (Heckerman 
2008). Since the Bayesian approach bases its calculations on 
posterior probability and credible intervals (Dunson 2001), it 
offers intuitive, unbiased and consistent results when examin-
ing the relationships between the variables studied (Dunson 
2001, Fordyce et al. 2011). Here, Bayesian generalized linear 
models we applied to: 1) identify the variables (out of 29) that 
have a high and significant importance on the probability of 
occurrence of Taxus globosa and 2) determine the interval of 
the highest probability of occurrence of this species as a func-
tion of the variables that have a significant importance on it.

Material and methods

Description and geographical distribution of the species 
studied

Taxus globosa Schltdl. (Taxaceae), is an evergreen a gymno-
sperm with many hanging branches forming a rounded or 

extended crown (López-Herrera 2008). From its stem, a 
light brown scaly bark is detached (Luna-Vega 2003) and 
can reach a total height of 18 m and a stem diameter (at 
breast height) of up to 80 cm in adulthood (Luna-Vega 2003, 
Earle 2020). It grows in sites with well-drained acidic soils, 
with abundant inorganic matter and commonly cohabits 
with some broadleaf trees, mainly of the genus Quercus and 
some conifers belonging to the genera Abies, Pinus and Picea 
(Zavala-Chávez 2001, Luna-Vega 2003, Earle 2020). It has 
been observed at altitudes between 1000 and 3000 m, and 
its preference sites are small glens where the average annual 
temperature ranges between 14.5 and 15.4°C, often with 
fog, dew and frost (Zavala-Chávez 2001). Geographically, 
it is distributed along the Sierra Madre Oriental of Mexico 
and some parts of the Sierra of Oaxaca and Chiapas, as far 
as Central America, covering some localities of Guatemala, 
Honduras and El Salvador (Fig. 1). Is currently listed as an 
endangered species (EN) by the International Union for 
Conservation of Nature (IUCN) (IUCN 2019) and has 
been catalogued under the category of Subject to Special 
Protection (Pr) by the Official Mexican Standard NOM-059-
SEMARNAT-2010 (SEMARNAT 2010).

Sampling and data collection

We integrated the database using two subsets of data. The 
first, corresponds to presence records got from portals that 
collates digitized collection and survey data worldwide, 
including the Global Biodiversity Information Facility 
(GBIF) (<www.gbif.org>), from which 74 useful records we 
got for the study (after debugging); tropicos database from 
Missouri botanical garden (<https://tropicos.org>) (with 23 
usable records), the Gymnosperm database (<www.conifers.
org/>) (with 23 usable records), a web’s source of information 
on conifers; as well as from Sánchez-Presa’s work (2012) (3 
records), from López-Upton and García-Martí (2015) (74 
records) and Pérez-Cruz (2018) (24 records), adding up to 
a total of 221 georeferenced points of presence (Universal 
Transverse Mercator coordinates, WGS84 datum). All points 
were distributed in the Americas including four countries: 
Mexico, Guatemala, El Salvador and Honduras (Fig. 1). All 
information obtained from different sources was thoroughly 
reviewed to eliminate inconsistent or duplicate data.

The pseudo-absence data were obtained from the National 
Forest Inventory (2013–2016) database provided by the 
National Forestry Commission of Mexico (CONAFOR), 
which has a network of main plots called conglomerates, dis-
tributed throughout the Mexican territory, established every 
five kilometers in temperate forests, in high jungles and in 
sub-medium jungles; every 10 km in deciduous forests; and 
every 20 km in arid zones (CONAFOR 2009, 2015). To 
avoid bias when fitting the regression models, the selection 
of pseudo-absence points was equal to the number of points 
of presence (221) (VanDerWal et al. 2009). To obtain geo-
referenced points with contrasting ecological characteristics 
of Taxus globosa habitats, we made two filters. First, follow-
ing the suggestion of VanDerWal et al. (2009), by a system-
atic, sites at a distance greater than 200 km from the points 



3

of presence or located outside the potential area projected 
by Contreras-Medina and Vega-Luna (2001) and García-
Aranda et al. (2012) we filtered. These pre-selected points we 
extracted only 221 by random sampling, using the ‘sample’ 
function of the R software. Finally, the two subsets of data 
were brought together to form a single database with points 
of presence–absence.

Obtaining the abiotic variables

We used 29 abiotic variables including 23 climatic variables, 
three soil chemical properties and three physiography vari-
ables, registered or estimated for each point (Table 1). We 
choose these variables as they form part of the spectrum of 
parameters responsible in the distribution and abundance of 
plants and other organisms and given its relative ease in their 
calculation, recording or estimation for the points of inter-
est (occurrence records). The climatic variables we got from 
monthly climatic surfaces built by Rehfeldt (2006) derived 
from thin-plate splines of the most important climatic vari-
ables for plants (Rehfeldt 2006, Rehfeldt et al. 2006) housed 
on the Forest Service Rocky Mountain Research Station plat-
form (<http://charcoal.cnre.vt.edu/climate/>). For calculat-
ing the variables, this model uses historical data from 1961 to 
1990 of over 4000 weather stations distributed in the study 
area, including Mexico, Guatemala, Belize, Cuba and the 
southern United States (Rehfeldt et al. 2006, Crookston et al. 
2008, Sáenz-Romero  et  al. 2010). This source we chose 
because it provides climatic values of the sites where the  
species has been observed (point estimates of climate) 
(Rehfeldt 2006).

For each sampling point, we acquired three soil variables 
including the pH value in H2O (pH), the organic carbon 

content (OC) and the cation exchange capacity (CEC) at a 
depth of 0.30–0.60 m. For this, system soil mapping called 
SoilGrids (<https://soilgrids.org>) we used whose layers were 
built up from soil profiles at one kilometer spatial resolution 
(Hengl  et  al. 2017). This platform hosts a system, which 
can estimate some chemical and physical properties of soils 
from global covariates using interpolation models. Details 
of the collection of soil samples, contributing institutions 
and research centers, and details of the models used can be 
consulted at Hengl et al. (2014, 2017) and Shangguan et al. 
(2016). In addition, for Mexico’s sampling points, the expo-
sure and slope we calculated by a digital elevation models 
(DEMs) provided by National Institute of Statistics and 
Geography, Mexico (INEGI) (<www.inegi.org.mx>). This 
page describes that the DEMs were generated by the LIDAR 
remote sensing method with a resolution of 15 m and an 
accuracy of 15–90 cm.

Data analysis

In order to know affectation that each predictor exerts on 
the probability of occurrence of the species studied, the 
generalized linear model with Bayesian approach (BGLM) 
we used, because the full range of possible inferential solu-
tions is retrieved, rather than point estimation and a single 
confidence interval since its calculations are based on poste-
rior probability and credible intervals (Bedrick et  al. 1997, 
Gelman et al. 2008, 2016, Fordyce et al. 2011).

Steps followed in the data analysis:

1.	 We grouped the 29 variables into four groups (Table 
1): (a) temperature, (b) precipitation, (c) physiogra-
phy and (d) soil variables. In order to get standardized 

Figure 1. Study area showing the occurrence record of Taxus globosa. BE: Belize, GUA: Guatemala; HON: Honduras; SV: El Salvador.
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regression coefficients, we scaled each variable, subtracting  
each value to its average and dividing by its standard 
deviation.

2.	 Through the stepwise algorithm, BGLMs we adjusted the 
BGLM where we eliminated the variables of each group 
through two procedures: ‘forwards’ and ‘backwards’, 
using as selection criteria the Akaike information crite-
rion (AIC) (Schwarz 1978) following Zhang’s suggestion 
(2016a), filtering only those that appeared in both selec-
tion procedures.

3.	 Using the filtered variables from each group in the pre-
vious step, the LMBs were re-adjusted. The performance 
of each model we tested using the following measures of 
goodness of fit: 1) the residual deviance (Deviance) which 
measures the percentage of the variability captured by 

the model when including each predictor (Guisan and 
Zimmermann 2000); 2) a pseudo R squared adjusted 
(McFadden-R2adj) whose the calculation is based on the 
logarithmic probability kernels, for both the univari-
ate and the full model (McFadden 1977); 3) the prob-
ability value associated with the χ2 test when doing an 
analysis of deviance and, 4) the residuals behavior in a 
quantile–quantile plot (Q–Q plot) (Augustin et al. 2012, 
Fabozzi  et  al. 2014, Zhang 2016b). For reducing the 
probability of making the type I error (false positives) in 
multiple hypotheses, a Bonferroni correction we made by 
dividing the significance level (0.05) by the total number 
of hypotheses (Hochberg 1988).

4.	 For variables that showed high and significant effect (p < 
0.05) in the last run of the models, the probability density 

Table 1. Descriptive statistics of abiotic variables used in the study.

Variables Units Min Max Mean SD Skew Category

ADI: annual dryness index, sqrt (DD5)/MAP – 0.45 10.97 3.54 2.05 0.65 PREC
ASP: aspect of the terrain (azimuth in degrees  

from north)
° 8 360 213 122.5 −0.32 PHYS

CEC: cation exchange capacity of soil at depth 
0.30–0.60 m

cmolc kg−1 17 40 25.23 3.15 0.7 PHYS

D100: julian date the sum of degree-days > 5°C 
reaches 100

degree-days 7 63 16.1 7.95 3.15 TEMP

DD0: degree-days < 0°C (based on mean monthly 
temperature)

degree-days 0 49 0.65 4.84 8.92 TEMP

DD5: degree-days > 5°C (based on mean monthly 
temperature)

degree-days 785 6724 3649 1189 0.05 TEMP

ELEV: elevation above sea level m 352.6 3946 2207 668.6 −0.33 PHYS
FDAY: julian date of the first freezing date of autumn day 264 364 341.6 34.06 −1.06 TEMP
FFP: length of the frost-free period days 115 365 306.3 66.91 −0.95 TEMP
GSDD5: degree-days > 5°C accumulating within the 

frost-free period
degree-days 244 6565 3354 1345 −0.09 TEMP

GSP: growing season precipitation (April–September) mm 323 1935 990.1 403 0.26 PREC
MAP: mean annual precipitation mm 407 2744 1303 572.9 0.36 PREC
MAT: mean annual temperature °C 6.1 23.6 15.01 3.43 −0.03 TEMP
MMAX: mean maximum temperature in the  

warmest month
°C 12.5 34.2 24.08 4.54 −0.05 TEMP

MMIN: mean minimum temperature in the  
coldest month

°C 0.4 16.7 5.94 2.79 0.69 TEMP

MMINDD0: degree-days < 0°C (based on mean 
minimum monthly temperature)

degree-days 0 410 34.4 60.11 4.04 TEMP

MTCM: mean temperature in the coldest month °C 4.5 20.6 12.09 2.72 0.01 TEMP
MTWM: mean temperature in the warmest month °C 8 28 17.57 3.96 0.22 TEMP
PH: soil pH value in H2O at depth 0.30–0.60 m – 47.5 79.5 58.51 7.76 0.86 SOIL
PRATIO: ratio of summer precipitation to total 

precipitation (GSP/MAP)
– 0.57 0.88 0.77 0.07 −0.68 PREC

SDAY: julian date of the last freezing date of spring day 0 149 29.73 29.7 1.36 TEMP
SDI: summer dryness index (GSDD5/GSP) – 0.18 13.22 4.15 2.43 0.63 PREC
SLO: average slope of the terrain ° 0 51.79 21.88 12.91 0.3 PREC
SMRP: summer precipitation (Jul + Aug) mm 133 872 389.7 180.3 0.5 PREC
SMRPB: summer precipitation balance: (Jul + Aug + Sep)/

(Apr + May + Jun)
– 1.16 2.76 1.86 0.28 0.09 PREC

SMRSPRPB: summer/spring precipitation balance: 
(Jul + Aug)/(Apr + May)

– 1.21 6.98 2.96 1.18 0.7 PREC

SOC: soil organic carbon content (fine earth fraction) at 
depth 0.30–0.60 m

g kg−1 4 49 17.4 7.27 1.35 SOIL

SPRP: spring precipitation (Apr + May) mm 32 261 134.2 46.56 0.9 PREC
WINP: winter precipitation mm 30 727 163.7 104.9 1.32 PREC

SD: standard deviation, MIN: minimum, MAX: maximum, Skew: kewness value Fisher–Pearson asymmetry coefficient, TEMP: temperature 
variables, PREC: precipitation variables, PHYS: physiography variables and SOIL: soil variables.
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curves we constructed. For this, the Gaussian mixture 
model (GMM) with two components we carried out using 
R’s mclust package (Fraley et al. 2012, 2020) and the six-
parameter Weibull models (W6p) that we ran in the car-
didates package of R (Petzoldt et al. 2018, Rolinski et al. 
2018). Both models we selected are flexible and accurately 
describe bioclimatic data for tree and shrub species with 
unimodal or multimodal trends (Martínez-Antúnez et al. 
2015, Antúnez et al. 2017, 2018). These models we eval-
uated with the Kolmogorov–Smirnov test, observing the 
value of D value, which measures the maximum absolute 
differences between the accumulated empirical data and 
the theoretical distribution of the models (Young 1977). 
The one with the smallest D value was the most accurate.

5.	 Empirical data were used to find a 95% confidence 
interval based on a Bayesian analysis to a posterior 
distribution (HDR) (Wright 1986, Dixon and Simon 
1991, Hyndman 1996), which is called here as a partial 
optimum interval. We also calculated it the value of the 
variable where the tangent line slope of the density curve 
is equal to zero we calculated; i.e. the maximum of the 
probability density function, referred here as the point of 
maximum probability (PMP).

The cross validation of the BGLM models we made with 
80% of the data for the model training and 20% for the test, 
which we did in the R boot library using cv.glm function 
(Canty and Ripley 2019).

All analyses, including exploratory analysis (correlation 
analysis, cleaning and filtering), BGLMs, calculation of the 
maximum of the probability and intervals we executed in the 
free statistical application R (<www.r-project.org>).

Results

Variables with a major effect on Taxus globosa

We observed ten significant variables in the final Bayesian 
generalized linear models, suggesting that, as the values of 

the variables change, there is evidence that the probability of 
occurrence of Taxus globosa responds significantly. The vari-
ables that explained the highest percentage of variability in 
the data were the mean temperature in the warmest month 
(81%) and elevation above sea level (80%) (Table 2). The 
precipitation variables with the greatest contribution were the 
summer dryness index, the aridity index, the ratio of summer 
precipitation to total precipitation and the average record of 
winter precipitation (mm) explaining together 91% of the 
data variability while the only soil variable with significant 
evidence (organic carbon content) explained 2% of the data 
variability (Table 2).

Six of the ten significant variables in the latest model 
showed a negative relationship with the probability of occur-
rence and four showed a positive relationship. The highest 
coefficients found in SDI (−327.90) and ADI (186.62), 
although the errors associated with these same variables also 
increased significantly (Table 2). In examining the multiple 
models in quantile–quantile plots, the temperature, precipi-
tation and physiography models showed a better fit compared 
to the soil model because we observed their residuals within 
the limits of the 95% confidential band (Fig. 2).

Highest probability of presence and optimum intervals

In the evaluation of density curves with the Kolmogorov–
Smirnov test, we found lower D values in seven cases with 
GMM and three with the Weibull model (Table 3). However, 
when comparing both means of the points of the maximum 
probability (PMP), there was no significant difference accord-
ing to the Kruskal–Wallis test, by showing a probability value 
(p-value) equal to 0.44. Table 3 shows the values where the 
maximum probability of occurrence occurs, according to 
the probabilistic models, as well as the relative optimum 
interval based on the highest density region (1–∝ = 95%). 
For example, considering the mean temperature in the 
warmest month, we observed the highest probability region 
between 12.40 and 26.30°C and the maximum at 16.10°C. 
Additional adjustment parameters and indicators for the 

Table 2. Estimated parameters and adjustment indicators of the Bayesian generalized linear models.

Variables Str.Coeff. SE p-value Deviance AIC p-val.χ2 McFadden-R2adj. Uni. McFadden-R2adj. Mul.

MTWM −13.41 2.48 < 0.0001*** 105.26 111.26 < 0.0001*** 0.81 0.89
MAT 16.33 3.97 < 0.0001*** 75.60 81.60 0.080. 0.75
MTCM −9.37 1.97 < 0.0001*** 83.21 89.21 < 0.0001*** 0.51  
SDI −327.90 53.15 < 0.0001*** 81.04 99.04 < 0.0001*** 0.59 0.91
ADI 186.62 31.14 < 0.0001*** 63.60 81.60 < 0.0001*** 0.48
PRATIO −16.11 2.57 < 0.0001*** 45.56 63.56 < 0.0001*** 0.16
WINP −5.98 1.01 < 0.0001*** 19.56 37.56 < 0.0001*** 0.01  
SLOP 0.67 0.35 0.05* 88.22 92.22 < 0.0001*** 0.46 0.81
ELEV 4.20 0.60 < 0.0001*** 241.18 245.18 < 0.0001*** 0.80  
SOC −0.35 0.12 0.002** 434.69 438.69 0.002** 0.02  

Str.Coeff: standardized coefficients, SE: standard error of coefficients, p-value: probability value, Deviance: value that measures the 
percentage of variability of the data when the predictor is included in the model, AIC: Akaike information criterion due to the predictor, 
p-val.χ2: probability value of the χ2 test, McFadden-R2adj.Uni: McFadden’s pseudo-R squared when including a single variable, McFadden-
R2adj.Mul: McFadden’s pseudo-R squared when including the variables of each group, MTWM: mean temperature in the warmest month, 
MAT: mean annual temperature, MTCM: mean temperature in the coldest month, SDI: summer dryness index, ADI: annual dryness index, 
PRATIO: ratio of summer precipitation to total precipitation, WINP: winter precipitation, SLOP: average slope of the terrain, ELEV: elevation 
above sea level, SOC: soil organic carbon content.



6

two probabilistic models are provided in the Supplementary 
information.

The density curves also revealed the type of distribution 
of the data in the face of unitary variation of the abiotic vari-
ables, with asymmetric distributions observed in most cases. 
Figure 3a–b show the optimum points computed by the two 
probabilistic models (GMM and W6p), the limits of the rela-
tive optimum intervals and the distributions of the empirical 
data. We observed a symmetric and uniform distribution of 
the unit change in average temperature during the warmest 
month, but a totally asymmetrical trend in winter precipita-
tion (Fig. 3b).

Representation of probability regions

Using the ten most important variables, we plotted probabilistic 
regions and, in all cases, asymmetric regions we observed. 
For example, when combining the mean temperature in the 
warmest month and the winter precipitation (temperature 
and precipitation variables with signs of significant incidence 
on the species), there is a second peak with a smaller-
scale that represents a high presence of the species studied 
(Fig. 4a–b). A combination of three variables showed more 

clearly the asymmetry of the resulting probabilistic region, 
even combining variables that separately showed relatively 
symmetrical trends such as the three temperature variables 
(Fig. 4c–d).

Discussion

Response to climatic variables

This study defined suitable climatic, physiography and soil 
values, based on the probability of maximum occurrence for 
Taxus globosa, an endangered species (IUCN 2019) whose 
populations have declined rapidly in recent decades (Barrera 
1990, SEMARNAT 2010). The study also attempted to 
measure the degree of incidence of 29 abiotic variables and 
found that, of the total, ten had a significant effect (p < 
0.05) on the probability of occurrence of the species studied 
(Table 2). The results shown here represent an important 
advance in the knowledge of the bioclimatic space of Taxus 
globosa, and constitute a small step in the understanding of its 
thermal tolerance, its basal thermotolerance and the general 
resilience of the species.

Figure 2. The standardized residuals on a quantile–quantile plot by groups of variables. (a) Temperature variables, (b) precipitation variables, 
(c) physiographic variables and (d) soil variables.
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The BGLMs, suggest a high sensitivity of the probabil-
ity of Taxus globosa registration against the unit change of 
extreme temperatures, especially, warm and cold months. 
An average response is 13.42 units for each degree of varia-
tion of the mean temperature in the warmest month (May), 
and a response of 9.37 units for each degree of variation of 
the mean temperature in the coldest month (January), in 
both cases, there seems to be a negative relationship (Table 
2). These results are in consonance with Moir (1999), who 
observed a significant effect of summer temperature on the 
growth of Taxus baccata. The same author reports an adverse 
effect of the low temperatures of January and February on 
this species. However, low temperatures also encourage 

the rooting of yews in the early growth stage (Muñoz-
Gutiérrez et al. 2009). The case of the warmest month has 
not only been referred to as an important variable in the 
growth and development of forest species (Schweingruber 
1986), but also as one that defines the distribution and rich-
ness of a good part of the plant communities (Gwitira et al. 
2014).

Moisture appears to play an important role in yew trees, 
including an influence on seed morphology and winter 
dormancy (Ramírez-Sánchez  et  al. 2011) or encourage 
seed growth (Moir 1999). Other variables, such as the dry-
ness index and summer humidity, also affect yews; in spe-
cial, the ratio of summer precipitation to total precipitation 

Table 3. Bioclimatic values where the probability of occurrence of Taxus globosa is the maximum and its partial optimum intervals 
(1–∝ = 95%) according to the Gaussian mixture model (GMM) and the six-parameter Weibull model (W6p). Maximum probability of 
occurrence values with the smallest D values of the two models are highlighted in gray.

Variables Lower limit

Maximum probability of 
occurrence

Upper limit Interval D of GMM D of W6pGMM W6P

MTWM: mean temperature in the 
warmest month (°C)

12.40 16.10 15.51 26.30 13.90 0.26 0.58

MAT: mean annual temperature (°C) 10.00 15.00 14.66 21.80 11.80 0.24 0.06
MTCM: mean temperature in the 

coldest month (°C)
8.10 12.10 11.74 17.70 9.60 0.26 0.12

SDI: summer dryness index 0.18 2.49 1.23 7.92 7.74 0.35 0.36
ADI: annual dryness index 0.45 1.74 1.22 6.59 6.14 0.35 0.09
PRATIO: ratio of summer precipitation 

to total precipitation
0.71 0.77 1.00 0.85 0.14 0.41 0.81

WINP: winter precipitation (mm) 30.00 85.00 66.01 334.00 304.00 0.48 0.99
SLOP: average slope of the terrain (°) 1.96 16.96 18.48 42.65 40.69 0.22 0.80
ELEV: elevation above sea level (m) 642.74 2500.00 2949.85 3101.11 2458.37 0.22 0.97
SOC: soil organic carbon content 7.00 14.50 14.33 32.50 25.50 0.40 0.76

The letter D in the last two columns represents the Kolmogorov–Smirnov statistic that measures the maximum distance between the empirical 
cumulative distribution function of the data and the cumulative distribution function of the Gaussian mixture model (GMM) and the six-
parameter Weibull model (W6p).

Figure 3. Density curves and graphical representation of the relative optimum interval of Taxus globosa as a function of (a) mean temperature 
in the warmest month and (b) winter precipitation.
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(PRATIO) and summer dryness index (SDI = GSDD5/GSP) 
(Table 3). The latter showed the greatest effect, explaining 
59% of the change in the data. Precipitation during specific 
periods could be related to regulating of the temperature 
of the yew microhabitat, since the sites where Taxus globosa 
commonly grows are humid glens or shady places (Ramírez-
Sánchez et al. 2011), and some populations, even have creeks 
or waterbodies (Pérez-Cruz 2018).

Response to physiographic and soil variables

In this study, the elevation above sea level explains 80 per-
cent of the variability in the data, becoming one of the most 

important factors for the studied species. T. globosa is abun-
dant between 643 and 3101 m above sea level, with an abso-
lute maximum at 2500 m. These values are partly similar 
to the altitudinal range reported in previous studies, which 
fluctuate between 1000 and 3000 m (López-Herrera 2008, 
Ramírez-Sánchez et al. 2011, García-Aranda et al. 2012). The 
estimated maximum probability point (2500), varied by 100 
m from the optimum reported by Pérez-Cruz (2018) which 
was 2600 m (Table 3).

Another physiographic variable that showed significant 
evidence was the slope of the terrain, with a mean response of 
0.67 units for each degree of variation in the mean slope of 
the sites, with a greater proportion of Taxus globosa observed 
between 1.96 and 42.65° and a maximum probability at 

Figure 4. (a) Bidimentional and (b) perspective representation of the optimum probability region for Taxus globosa defined by two climatic 
variables. Relative optimum intervals (c) without interaction of three temperature variables and (d) representation of probability regions by 
combining the three standardized temperature variables. In (a), the cross mark represents the point where the maximum probabilities of the 
two interacting variables converge.



9

the slope of 16.96°. The importance of the slope lies in its 
close link to nutrient retention and soil moisture (Bridge and 
Johnson 2000). Findings show that the slope is positive and 
significantly associated with the probability of Taxus globosa 
occurrence and explains 45% of the data variance (Table 
2). Contrary to what has been observed in Europe, where 
geographical exposure is significant but the slope of the soil 
is not crucial (Tittensor 1980, Thomas and Polwart 2003).

In relation to the soil variables, soil organic carbon content 
(fine earth fraction) was the only one showing significant 
evidence, with a response of 0.35 units in the probability 
of occurrence for each unit of change of this variable. The 
maximum probability of occurrence was 14.50 and the limits 
of the relative optimum interval were 7.00 (lower) and 25.50 
(upper) (Table 3). We found no studies related to organic 
carbon content; however, the soils described for yews in the 
literature are moist or very moist (Moir 1999) with a neutral 
to alkaline pH (Shemluck et al. 2003). The ideal pH values 
reported ranges from 4.1 to 6.3 (López-Herrera 2008, Pérez-
Cruz 2018), while the organic matter, content varies among 
each population, ranging from 3.8% (Pérez-Cruz 2018) to 
26.1% (López-Herrera 2008).

Response curves and environmental suitability 
intervals

Most response curves and probabilistic areas reported here 
follow asymmetric distributions (Fig. 3b, 4a–b, d) which 
could reflect the species’ discontinuous distribution in 
physical and environmental space. These results are similar 
to those of Vetaas (2000) and Antúnez  et  al. (2017) when 
investigating the response of some tree and shrub species to 
unitary changes in temperature or precipitation at specific 
times of the year. In some cases, not only asymmetric 
distributions, but also bimodal or multimodal distributions 
have been observed (Whittaker 1967, Antúnez et al. 2018). 
The ideal projected intervals for many of the variables, 
including slope, temperature and precipitation variables, 
were smaller than the estimated intervals for other conifers 
like Pinus patula Schl. et Cham or Pinus pseudostrobus Lindl. 
(Antúnez et al. 2018).

Some advantages of the graphical results include the 
detection of the turning points of the dependent variable by 
increasing or decreasing the predictor (Fig. 3a–b), whereas the 
partial optimum interval delimits the plausible abiotic range 
for the growth and development of the species. It could there-
fore be said that Fig. 4d delimits the environment-and-niche 
hyperspace of T. globosa based on their three most relevant 
temperature variables, while Fig. 4a–b, as well as showing 
the ideal probabilistic region, can also detect a second ver-
tex where the occurrence of the species is high, but not so 
high as the point of maximum probability. In general, prob-
ability diagrams and response curves are important because 
they suggest: 1) the plausible range of climatic values where 
the occurrence of the species under study is maximized; 2) 
the partial hyperspace delimited by the variables when com-
bined; and, 3) the discontinuities in topography, the possible 

variations of parental materials in soil (difficult to measure), 
and the possible changes due to habitat disturbance.

Conclusions and suggestions

One of the most significant ecological challenges currently 
is the gradual and accelerated loss of biological diversity 
with increasing rates of extinction (Kuussaari  et  al. 2009, 
Davies  et  al. 2011). Knowing the response of a genetic 
resource at risk of extinction to the variations of a variable, 
as well as its range of maximum presence, are important to 
understand its capacity for resilience. Based on the findings, 
the most significant temperature variables that enhance or 
inhibit Taxus globosa are the maximum temperature of the 
hottest month and the temperature of the coldest month. 
The most relevant precipitation variables, which in most 
cases seem to have an adverse impact, are the precipitation 
during the summer and winter. On the other hand, the 
relative optimum intervals found in this work represent an 
approximation to the environment-and-niche hyperspace of 
the studied species which could represent an advance in the 
delimitation of their real bioclimatic space.

These results, besides contributing to the knowledge 
of T. globosa’ ecology, these could also be useful in the 
implementation of specific conservation actions, e.g. the 
optimal points and intervals (Table 3) would facilitate 
the location of potential new sites for a possible assisted 
propagation of the species in the wildlife. The delimitation 
of the altitudinal gradient would be useful to establish or 
expand natural areas of protection or conservation, as well 
as to delimit biological corridors taking into account species 
that co-exist or associate with the studied species. Could also 
be used in actions to reduce the impacts of anthropogenic 
activity, including environmental education or social works 
in the communities near T. globosa’s distribution areas.
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