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Understanding how endangered taxa are distributed 
is a basic prerequisite for conservation planning and, 

in the face of the sixth mass extinction event during Earth’s 
history affecting vertebrates (cf. Ceballos et al., 2020), 
of paramount importance. Ever refined approaches for 
species distribution modelling substantially contribute 
to a better knowledge of the current, past and future 
distribution ranges of chelonians (e.g., Ihlow et al., 
2012; Rödder et al., 2013), one of the most threatened 
vertebrate groups (TTWG, 2017). Recently, Turkozan et 
al. (2021) aimed to clarify the distribution and past range 
dynamics of spur-thighed tortoises (Testudo graeca) 
harbouring different mitochondrial lineages that are 
generally identified as distinct subspecies (TTWG, 2017).  
We appreciate the efforts undertaken by Turkozan et al. 
(2021) but found some misconceptions in their article 
that we highlight in this note.
 Turkozan et al. (2021) used species distribution 
models (SDMs) to predict the ranges of the five eastern 
subspecies of T. graeca. SDMs are frequently applied to 
characterise current realised environmental niches and 
estimate potential geographic distributions of taxa. By 

projecting SDMs onto paleoclimatic or putative future 
conditions, range shifts can be inferred. However, 
predictor variables are extrapolated when projecting 
models through space (whenever the projection area 
is larger than the training range) and time (projecting 
onto future or past climatic conditions; e.g., Elith et al., 
2009, 2010). This requires cautious interpretation of 
modelling results (Elith et al., 2010; Owens et al., 2013). 
Extrapolation effects tend to increase when models are 
trained with geographically restricted data sets (e.g., 
Elith et al., 2010; Rocchini et al., 2011; Engler & Rödder, 
2012; Owens et al., 2013).
 Turkozan et al. (2021) inferred environmental niche 
models for each of the five studied subspecies using ten 
uncorrelated bioclimatic predictors (seven temperature-
related and three precipitation-related variables) and the 
maximum entropy modelling algorithm MaxEnt (Phillips 
et al., 2006; Phillips & Dudík, 2008). Another recent 
study (Javanbakht et al., 2017) examined three of these 
subspecies using n-dimensional hypervolumes based 
on principal components derived from 19 bioclimatic 
variables (cf. Blonder et al., 2014; Blonder, 2018). In 
order to study paleoclimatic range dynamics, both teams 
projected their resulting models onto reconstructions of 
climatic conditions of the mid-Holocene (6,000 BP) and 
the Last Glacial Maximum (LGM, 21,000 BP) but came to 
different conclusions.
 According to Turkozan et al. (2021), the distribution 
ranges of two subspecies (T. g. armeniaca and T. g. buxtoni) 
were almost exclusively shaped by a single precipitation-
related variable, respectively (with permutation 
contributions of 95.8 % and 85 %), while the ranges of T. 
g. ibera and T. g. zarudnyi were predominantly affected 
by a single temperature-related predictor (75 % and 88 
%, respectively).  The distribution of T. g. terrestris was 
inferred to be shaped by precipitation- and temperature-
related predictors. In contrast, Javanbakht et al. (2017) 
found that the distribution of T. g. armeniaca, T. g. 
buxtoni, and T. g. zarudnyi was predominantly limited 
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Species distribution models (SDMs) are frequently used to 
characterise current, past or future realised environmental 
niches. Two recent studies applied different approaches 
to infer range dynamics in eastern subspecies of the 
spur-thighed tortoise Testudo graeca Linnaeus, 1758. 
We discuss differences in the conclusions of the two 
papers and use multivariate environmental similarity 
surface (MESS) analyses to show that the results of the 
study by Turkozan et al. (2021), recently published in the 
Herpetological Journal, are compromised by extrapolation 
and therefore have to be interpreted with caution.
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by precipitation.  For the latter subspecies, this conflicts 
with the results of Turkozan et al. (2021).
 Turkozan et al. (2021) suggested that multiple glacial 
refugia existed and that since the LGM the potentially 
suitable geographic space has expanded for T. g. ibera, 
contracted for T. g. zarudnyi, and remained stable for T. 
g. terrestris. For T. g. armeniaca and T. g. buxtoni, the 
patterns were inconclusive. In contrast, Javanbakht et 
al. (2017) suggested that the ranges of the three studied 
subspecies (T. g. armeniaca, T. g. buxtoni, T. g. zarudnyi) 
experienced only slight shifts and did not expand 
significantly after the LGM.
 The methods used by Turkozan et al. (2021) and 
Javanbakht et al. (2017) are fundamentally different, 
having distinct underlying conceptual and computational 
principles. Correlative SDMs, such as MaxEnt used 
by Turkozan et al. (2021), are prone to extrapolation 
errors when projected through space and time (Elith 
et al., 2010; Owens et al., 2013). In contrast, profiling 
techniques based on multivariate analyses, such as the 
non-parametric kernel density estimation (KDE) and 
n-dimensional hypervolumes used by Javanbakht et al. 
(2017), are more robust and allow the characterisation of 
realised niches based on delimitation of niche volumes. 
Especially when calibration areas are small (VanDerWal 
et al., 2009), projections onto other time slices or 
geographic areas derived from correlative models are 
compromised by uncertainty (Rocchini et al., 2011). 
Unfortunately, Turkozan et al. (2021) did not account for 
such uncertainties.
 To examine the impact of extrapolation on their 
results, we used multivariate environmental similarity 
surface (MESS) analyses (Elith et al., 2010).  MESS 
analyses identify areas where one or more predictor 
variables experience conditions beyond the respective 
calibration range and, thus, are compromised by 
extrapolation (cf. Elith et al., 2010). To construct MESS 
maps, we georeferenced the minimum convex polygons 
(MCPs) used as model training range by Turkozan et al. 
(2021) and performed MESS analyses using the packages 
dismo (Hijmans et al., 2017) and raster (Hijmans, 2020) 
for Cran R (R Development Core Team, 2020).  MESS 
analyses were computed for each of the ten predictors 
used by Turkozan et al. (2021) separately, rescaled to 0 (no 
extrapolation) and 1 (extrapolation) and subsequently 
summed to show the number of variables affected by 
extrapolation per geographic region (for R code, see 
Supplementary Materials).
 Our results show that the range estimates of 
Turkozan et al. (2021) are significantly compromised 
by extrapolation. This refers to vast areas of the study 
region, for current conditions as well as reconstructions 
(mid-Holocene and LGM) across all three used general 
circulation models (GCMs; Supplementary Materials: 
Figs. S1-5).
 Parenthetically it may be noted that Turkozan et al. 
(2021) erred when they suggested that factor loadings of a 
principal component analysis (PCA) have been interpreted 
erroneously by Javanbakht et al. (2017). In contrast to 
MaxEnt, the non-parametric multivariate approach used 

by Javanbakht et al. (2017) requires orthogonal input 
variables.  To ensure orthogonality, input variables are 
subjected to a PCA prior to modelling (Barros et al., 2016), 
and the (past) climate reconstructions are projected in 
the PCA space derived from current climate conditions, 
resulting in different sets of principal components for 
each scenario. Thus, Turkozan et al. (2021) apparently 
misunderstood the matter and misinterpreted data 
presented by Javanbakht et al. (2017) within the frame 
of another method (MaxEnt).
 In addition to these methodological issues, the study 
by Turkozan et al. (2021) contains additional flaws. For 
instance, Turkozan et al. (2021) state in their Abstract 
that “Since the LGM, we hypothesise that the ranges of 
lineages have either expanded (T. g. ibera), contracted 
(T. g. zarudnyi) or remained stable (T. g. terrestris), and 
for other two taxa (T. g. armeniaca and T. g. buxtoni) the 
pattern remains unclear.”  This contradicts the Discussion 
section (p. 15), where the authors state that “the 
distribution model of T. graeca clades in the present work 
are in line with the classical glacial range contraction and 
interglacial range expansion model (Stewart et al., 2010) 
except the zarudyni [sic!] clade which contracted during 
the interglacial period.”  However, the authors did not 
present any convincing evidence for the latter statement.
Turkozan et al. (2021: p. 15) explained that their “analysis 
supports multiple potential refugia during LGM, namely 
Caucasus, Anatolia, and Balkans” and that “this is in 
line with the concept that temperate adapted taxa are 
confined to southern refugia (Stewart et al., 2010).” 
Stewart et al. (2010) define refugia as the geographical 
regions that correspond to the species’ maximally 
contracted geographical range during a glacial period. 
This is in line with the general understanding of glacial 
refugia (e.g., Hewitt, 2000; Joger et al., 2007; Schmitt, 
2007). Neither Javanbakht et al. (2017) nor Turkozan 
et al. (2021) inferred massive range restrictions during 
the last glacial cycle. Instead, it seems that climatically 
suitable space for T. g. armeniaca, T. g. buxtoni and T. 
g. zarudnyi experienced only slight shifts since the 
LGM, what contrasts with the massive Holocene range 
expansions of thermophilic species in more northern 
latitudes (Hewitt, 2000; Joger et al., 2007; Schmitt et al., 
2007) and the classical refugia model.  This situation has 
been discussed in detail in Javanbakht et al. (2017) and 
the interested reader is referred to this publication.
 Another misinterpretation of the results of 
Javanbakht et al. (2017) concerns bioclimatic variables 
shaping the distribution of T. graeca. Turkozan et al. 
(2021: p. 15) state that Javanbakht et al. (2017) ignored 
temperature-related factors delimiting the species 
distribution. However, Javanbakht et al. (2017: p. 635) 
stated that, besides precipitation as the main variable, 
“other environmental variables shaping the distribution 
of tortoises in Iran and Transcaucasia are the seasonal 
variation in temperature expressed as ‘temperature 
seasonality’ and ‘annual temperature range’” [and that] 
“seasonal temperature variation seems to be a limiting 
factor for tortoises in the Middle East, since this region is 
characterised by a continental climate with hot summers 
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and cold winters.  Hence, the combination of precipitation 
and high temperature seasonality appear to shape the 
distributional pattern of T. graeca in the eastern part of 
its range.” 
 Our Short Note revealed that the results of Turkozan 
et al. (2021) are compromised by misconceptions 
and misunderstandings. Therefore, they should be 
interpreted with caution.
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Figure S1. MESS maps for the current and past potential distribution of Testudo graeca armeniaca as 
presented by Turkozan et al. (2021). MCPs and species records were georeferenced from Turkozan et al. 
(2021). Land surface is displayed as light grey area except for regions where the model is compromised 
by extrapolation. For compromised regions, various shades of blue indicate the number of predictor 
variables affected by extrapolation. Accordingly, the lightest blue refers to regions were only a single 
variable was compromised by extrapolation, whereas the darkest blue represents regions were all 10 
predictors were compromised 
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Figure S2. MESS maps for the current and past potential distribution of Testudo graeca ibera as 
presented by Turkozan et al. (2021). For further explanation, see Fig. S1 
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Figure S3. MESS maps for the current and past potential distribution of Testudo graeca terrestris as 
presented by Turkozan et al. (2021). For further explanation, see Fig. S1 
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Figure S4. MESS maps for the current and past potential distribution of Testudo graeca buxtoni as 
presented by Turkozan et al. (2021). For further explanation, see Fig. S1 
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Figure S5. MESS maps for the current and past potential distribution of Testudo graeca zarudnyi as 
presented by Turkozan et al. (2021). For further explanation, see Fig. S1 
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Supplementary File S6. R code for computation of multivariate environmental similarity surface 
(MESS) analyses 
 
wd <- "D:/Graeca" 
 
setwd(wd) 
library(raster) 
library(dismo) 
 
my.masks <- list.files(paste(wd, "/mask", sep=""), ".asc", recursive =T, full.names=T) 
current <- list.files(paste(wd, "/Current", sep=""), ".asc", recursive =T, full.names=T) 
projs <- list.dirs(paste(wd, "/proj", sep="")) 
names.projs <- list.dirs(paste(wd, "/proj", sep=""), full.names=F) 
 
current <- stack(current) 
 
for (j in 1:length(my.masks)){ 
r <- raster(my.masks[j]) 
p <- rasterToPoints(r, fun=function(x){x>0.1}) 
ref <- extract(current, p[,1:2]) 
 
  for (i in 2:length(projs)){ 
  my.proj <- list.files(projs[i], ".asc", full.names=T) 
  ms <- mess(stack(my.proj), ref, full=T) 
  rcl <-c(-1000000000000, 0, 1, 0, 100000, 0) 
  ms1 <- reclassify(ms[[1:10]], rcl) 
  ms1 <- calc(ms1, sum) 
  my.name <- paste(names(r), "_", names.projs[i], ".asc",sep="") 
  writeRaster(ms1, my.name, overwrite=T) 
 
  } 
} 
 
m <- raster("mask.asc") 
shp <- readOGR("D:/Graeca/Graeca_mcps/armeniaca_mcp3.shp") 
r <- rasterize(m, shp, paste("armeniaca_mcp3.shp", ".asc", sep="")) 


