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abstract

In this study, we used a comprehensive approach to detect the impor-
tance of diverse climatic parameters in controling the distribution of
a forest tree species, exemplified by the common hornbeam (Carpinus
betulus L.). Special reference has been made to Ukraine from where
digitized data on the species is relatively scarce. In Ukraine, populations
of the common hornbeam are found at the edge of its geographic range,
primarily in forest-steppe ecotones, which are exposed to extreme cli-
mate with water shortages during the growing season and low tempera-
tures in winter. Usually forests in these ecotones are highly fragmented
and, in addition to climate impact, are heavily subjected to land use.
Currently, in the east of the country, C. betulus is only very locally dis-
tributed, but it has been assumed that in the past there were several areas
suitable for the persistence of the species. The main objectives of the
present study were to model the European-wide ecological niche of the
common hornbeam and investigate primary climatic factors that con-
trol the potential distribution of this tree in Ukraine. Using an ecological
niche modelling approach, we consider to have reliably modeled the Eu-
ropean-wide bioclimatic niche of the common hornbeam for predicting
the response of species’ geographical distribution to climate. Most con-
tributing to the model were the mean monthly PET (potential evapo-
transpiration) of the coldest quarter, continentality, and annual PET. In
terms of the ‘Most Limiting Factor; in Ukraine, continentality is crucial
throughout the majority of the country (78%). Because the distribution
of any species depends on variables related to climate, it is likely that
the species could rapidly respond to climatic change. In this respect, the
common hornbeam is no exception, as exemplified by the history of the
species in Eastern Europe. Limiting factors and thresholds (particularly
of PET indices) are bound to shift together with global climate change
and bring in changes to the pattern of the common hornbeam distribu-
tion, especially at edges of its geographic range.
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KiimMaTnyHi MeXi Cy4acCHOr0 €BpOIeiChbKOro MO PEeHH
rpa6a 3suyuaitnoro (Carpinus betulus) 3 0co6nmuBox0
HpUB’ A3KOI0 10 YKpaiHu

Bonopumup Turap

Pestome. Y 11bOMY HOCTTIPKEHHI MV BUKOPUCTA/IV KOMIIEKCHMIT ITIIXif, {06 BUSBIUTHU BIUIUB OKPEMUX KIIi-
MaTHYHYX (aKTOPiB Ha NOMMPEHH BUJiB TiCOBYX JiepeB. Y SKOCTI IIPUKJIay MU B3sUIU Ipab 3BUYAITHNIA
(Carpinus betulus L.). OcobmuBy yBary 6ymo 3po6ieHo Ha YKpaiHy, ie ounppoBaHMX JaHUX IIPO BUJ Bif-
HOCHO Masto. B YkpaiHi nomyssiii rpaba 3Bu4afHOro 3ycTpiuaoThCst Ha MeXi apeaiy, lepeBakHO B JIico-
CTEIIOBUX €KOTOHAX, fIKi 3a3HAIOTH Jiil eKCTPEeMaIbHOTO KIIMATY, AKWIT XapaKTepu3yeTbcs gedilliToM Boau
IIPOTATOM BETeTalliifHOTO Iepiofly Ta HU3bKMUMY TeMIlepaTypaMi B3MMKY. 3asBM4all /lick B LIMX €KOTOHAX
icroTHO pparMeHTOBaHI Ta, OKpiM BIUIVMBY K/IIMaTy, 3a3HAIOTh 3HAYHUX BTPAT Yyepe3 HeTraTHBHI yMOBU 3eM-
NleKOpUCTYBaHHA. 3apas Ha cxopi kpainn C. betulus nommpeHmit gy>xe T0KaIbHO, ajie MPUITYCKAETHCA, [0
B MUHY/IOMY ICHYBaJIO KiJIbKa TepUTOPpill, mpupaTHuX /s 36epeskenHs BuAy. OCHOBHMMIU 3aBaHHAMMN
IIbOTO JOCTI/PKeHHA Oy/I0 MOJE/NTI0OBaHH:A 3ara/lbHOEBPOIIEVICbKOI eKOJIOTivHOI Hilll rpaba 3BMYAHOIO Ta
IOCIIPKEHHS OCHOBHUX K/IIMaTMYHMUX (AaKTOPiB, IJ0 BU3HAYAIOTH ITOTEHIIi{He MOMIVPEHHS I[bOTO BUMY
mepeB B YKpaiHi. BUKOpMCTOBYIOYM METOAM MOJENIOBAHHA €KOJIOTiYHOI Hillli, MM BBa)Ka€MO, 1[0 Haili-
HO 3MOJe/TI0Ba/I) 3araJIbHOEBPOIENIChKY 6i0KIIMAaTUYHY HIllly 3BMYAHOrO rpaba, o Jjae MifcTaBy i
[IPOTHO3YBaHHsI peakiil HbOro BUAY Ha 3MiHy kiaimary. Haii6inpumit BHECOK y MOOYIOBY MOLENb BHe-
oy cepepHi micayni ITET (moTeHniitHa eBamoTpaHcmipaliisa) HaliX0oIOAHINIO! YBepTi, KOHTMHEHTAaIbHICTD
i piunnit I[1IET. 3 Touky 30py «HaiibinpI 06MexXyBanbHOro pakTopar, B YkpaiHi KOHTMHEHTa/IbHICTh Ma€e
BUpillla/ibHe 3HAYeHHs Ha Oinbliil yacTuHi, a came 78% Teputopil kpainn. OCKiIbKY MOMUPEHHs Oyab-
SIKOTO BUJLY 3aJIeKUTD Bifl IapaMeTpiB, II0B’A3aHNUX i3 KJIIMaTOM, LIi/IKOM JIMOBipHO, 1IJ0 IlepeBakHa 0iIb-
IIiCTh BUJIB MO>XKe IIBYUJKO pearyBaTy Ha KIiMaTu4Hi 3MiHN. Y I[bOMY BifHOIIEHHI rpab 3BUYAiTHUII He €
BUHSTKOM, IIPUK/IAJOM 90T0 € icTopis Buny y Cxiguiit Espormi. JlimiTyiodi pakTopu Ta HOPOroBi 3HAYEHHS
(30xpema inpexciB ITET) HeopMiHHO 3MIHATLCA pa3oM i3 I7106aMbHMMM 3MiHAMM K/IiMaTy Ta BHECYTb 3Mi-
HII B CTPYKTYPY IOLIMPEHH: rpaba 3BUYAITHOT0, 0COONMBO Ha epudepii ioro apeany.

Kniovosi cnosa: Carpinus betulus; MomenoBaHH: OMINPEHHSI BU/IiB; €KOMOTiYHA Hillta; YKpaina; Maxent.

Appeca nnsa 38’a3ky: Bonogumup Tutap; [ncturyt 3oosorii im. L. I. IlImansraysena HAH Ykpainy; Byi. bor-
maHa XMenbHULIbKOTO, 15, Kui, 01601 YkpaiHa; e-momrra: vtytar@gmail.com; orcid: 0000-0002-0864-2548

Introduction

Forests, which today cover 30.8 percent of the world’s land surface [MacDicken et al. 2015], are
being rapidly and directly transformed in many areas by ongoing climatic changes and impacts of
expanding human populations and economies. Forest decline commonly involves multiple, inter-
acting factors, ranging from drought to insect pests and diseases, often making the determination
of a single cause unrealistic. However, abiotic stress factors are commonly responsible, with climate
stresses thought to be a primary triggering factor [Desprez-Loustau et al. 2006; Raffa et al. 2008].

It is well known that the macrodistribution of plants is primarily controlled by climate [Woodward
1987; Prentice et al. 1992]. Vegetations have long been classified on the basis of climate, which results
in several classification systems [e.g. Holdridge 1947; Thornthwaite 1948; Kira 1976]. Of various cli-
matic factors, heat sum, water availability, and winter coldness have been suggested as primary limita-
tions for plant distribution over the large scale [Woodward & Rochefort 1991].

Trees are foundational elements of forest ecosystems [Ellison et al. 2005], having important influ-
ences on the resource environment and ecological function, and understanding the relative roles of
climate in controlling tree species distribution is a basis for predicting responses to potential climatic
changes [Loehle & LeBlanc 1996; Austin 2002].

Because the present distributions of most tree species are strongly related to climate, long ago
simple isotherm methods and/or comparisons of climatic maps with geographic ranges have been
used to assess distributional and limiting factors in relation to climate [e.g. Hutchinson 1918; Koppen
1936; Huntley et al. 1995; Sykes et al. 1996; Simonov & Didukh 2001]. However, using these meth-
ods alone may be insufficient to explore the nuances of climatic controls on range limits of species.
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Today species distribution models (SDMs) are the prime tools used to assess the spatial distribution
of potentially suitable habitats for species, and to hypothesise how suitability is affected by the envi-
ronment [Guisan & Thuiller 2005]. With the development of computer hardware and Internet speed,
the current availability of species and climate information sharing systems has greatly enhanced the
field of SDM. These tools generally correlate species’ occurrence patterns with environmental vari-
ables, which are frequently selected from an array of ‘bioclimatic’ indices. In this study, we used this
comprehensive approach to detect the importance of diverse climatic parameters in controlling the
distribution of forest tree species, exemplified by the common hornbeam (Carpinus betulus L.), a no-
table component of many European forest ecosystems, with special reference to Ukraine from where
digitized data on the species has been relatively scarce.

The common hornbeam is a cool summergreen nemoral mesophyte deciduous [Laurent et al.
2004], usually considered late-successional, tree, that frequently forms part of several types of mixed
broad-leaf communities in European temperate summergreen forests. Forests of such kind are cur-
rently confined between ca. 55-60° and 40°N, distributed in the Boreal, Atlantic, Alpine, Mediterra-
nean, Continental, and Pannonian floristic regions [European Commission 2013]. They are predomi-
nant in western and central Europe but also extend through Eastern Europe to the Ural Mountains
[Hendrick 2001]. This large area of distribution broadly agrees with the main range of the common
hornbeam, except for its absence in most of Iberia [Sikkema et al. 2016] and in areas stretching from
eastern Ukraine towards the Urals [Vorobyov et al. 2008; Udra 2010]. Currently, C. betulus is only very
locally distributed in eastern Ukraine, but it has been assumed that there were several areas suitable
for the persistence of C. betulus in the past [Fedorova 1951]. Major environmental changes, coupled
with human impact [Udra 1988; Pokorny 2005; Tonkov et al. 2013], are explanations of the progres-
sive decline of C. betulus in Europe during the Late Holocene, and suggesting that modern hornbeam
populations occurring in eastern Ukraine could be considered a relic of a larger distribution in the
past. In Ukraine, populations of the common hornbeam found at the edge of its geographic range in
forest-steppe ecotones are exposed to an extreme climate with water shortages during the growing
season and low temperatures in winter. Usually forests in these ecotones are highly fragmented and,
in addition to climate impact, are heavily subjected to land use.

The main objectives of the present study were to model the European-wide ecological niche of the
common hornbeam and investigate primary climatic factors that control the potential distribution of
this tree species in Ukraine.

Materials and Methods
Dataset

Georeferenced occurrence data were collected from the Global Biodiversity Information Facility
(Carpinus betulus L. in GBIF Secretariat, 2017) and the EU-Forest, a high-resolution tree occurrence
dataset for Europe [Mauri et al. 2017]. Unfortunately, these databases hold hardly any georeferenced
records of the common hornbeam in Ukraine, therefore a search was undertaken to complement the
information with point data from Ukraine using available internet resources, particularly of the State
Forest Resources Agency of Ukraine (http://dklg.kmu.gov.ua), and published scientific literature con-
taining explicit location data regarding the species [e.g. Vorobyov et al. 2008; Udra 2010; Mala 2012;
and others]. This produced 124 georeferenced records for mainland Ukraine. In total 13 347 collected
records were considered.

Not surprisingly, these occurrence points varied in spatial density due to variable sampling inten-
sity over geography. As a result, and to avoid overemphasizing heavily on sampled area, we selected
points for model calibration using a two-step subsampling regime to reduce sampling bias and spa-
tial autocorrelation, which would produce models of lower rather than higher quality (Beck et al.
2013). In the first step, we collated records with a moderate coarse geographic resolution of 5 arc-min
(0.08333°) using ENMTools [Warren et al. 2010]. The main reason for this was that there could have
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been a sampling bias or error at a fine resolution (particularly in the GBIF database). Secondly, we
used the OccurrenceThinner software (version 1.04) [Verbruggen et al. 2013], which reduces geo-
graphical bias in datasets by a probability-based procedure defined by a kernel density grid created
in SAGA GIS software [Conrad et al. 2015]. This considerably reduced the original dataset to 6658
records.

Modelling algorithms

The algorithms used in this paper, Maxent [Phillips et al. 2006] and BIOCLIM [Nix 1986], have
proven good performance and accuracy for such studies [Elith et al. 2011].

Maxent (Version 3.3.3k) is a machine learning algorithm [Phillips et al. 2006]. The main advan-
tage of applying Maxent to the modelling of geographical species distributions in comparison with
other methods is that it only needs presence data, besides the environmental layers. Pseudo-absence
points (used instead of true absences) were randomly generated within a convex hull encompassing
hornbeam presence points.

Maxent provides output data in various formats. The logistic format (values range from 0 to 1) is
recommended, because it allows for an easier and potentially more accurate interpretation of habitat
suitability compared to the other approaches [Baldwin 2009]. Maps of habitat suitability were im-
ported into SAGA GIS and DIVA GIS [Hijmans et al. 2001].

Maxent modelling can determine the importance of environmental variables. In one option, the
contribution for each variable can be determined by randomly permuting the values of that variable
and measuring the resulting model performance. Better performance means that the model depends
heavily on that variable (for explicitness values are normalized to give percentages). The second op-
tion uses a jackknife test and the regularized gain change during each iteration of the training al-
gorithm. The environmental variable with the highest gain is considered to have the most useful
information by itself, whereas the variable causing the largest decrease in the model’s gain contains
the most information not found in the other environmental variables. Both of these options are used
to determine the importance of the environmental variables and to observe whether the predictive
distribution responded to each variable as expected.

Maxent also allows the construction of response curves to illustrate the effect of selected variables
on habitat suitability (consequently, on the probability of occurrence and giving an idea of where for
each variable, under the constraints and conditions of the modelling situation, the focal species has it’s
optimum). These response curves consist of the specific environmental variable as the x-axis and, on
the y-axis, the predicted probability of suitable conditions as defined by the logistic output. Upward
trends for variables indicate a positive relationship; downward movements represent a negative rela-
tionship; and the magnitude of these movements indicates the strength of the relationship [Baldwin
2009].

An important part of determining the ability of niche models to predict the distribution of a spe-
cies is having a measure of fit. The performance of the Maxent model is usually evaluated by the
threshold-independent receiver operating characteristic (ROC) approach (calculating the area under
the ROC curve (AUC) as a measure of prediction success). The ROC curve is a graphical method
that represents the relationship between the false-positive fraction (one minus the specificity) and
the sensitivity for a range of thresholds. It has a range of 0-1, with a value greater than 0.5 indicating
a better-than-random performance event [Fielding & Bell 1997]. A rough classification guide is the
traditional academic point system [Swets 1988]: poor (0.5-0.6), fair (0.6-0.7), good (0.7-0.8), very
good (0.8-0.9) and excellent (0.9-1.0). A 10-fold cross validation was used to evaluate the fit good-
ness of the Maxent model in simulating the current potential suitable habitat with occurrence data
and variables for the current environment. This method randomly partitions the original occurrence
records into 10 subsets of equal size. Of the 10 subsets, one subset was used as testing data, while the
remaining nine subsets are used as training data.

228 GEO&BIO + 2023 - vol. 24 p-ISSN 2617-6157 e-ISSN 2617-6165



Maxent uses regularization’ (the beta parameter) to avoid over-fitting data. Higher values of beta
increase the ‘smoothness’ of species’ responses to the environment. The default value of beta in Max-
ent is 1, although we applied values of 1, 2, 3, and 4. The final models have been selected, which incor-
porate a lesser number of correlated variables, and an optimum value of beta (see below).

The ‘Most Limiting Factor’ output, available in BIOCLIM (implemented in DIVA GIS), was also
applied to detect which variable in Ukraine is the most critical for the inclusion of the grid cell within
the resulting environmental envelope. The ‘Most Limiting Factor’ model outputs the variable with
the lowest or highest score in each grid cell, for which there is a prediction assigning them a certain
colour on the prediction map. For the cells that fall within the 0-100 percentile, the variable with the
lowest percentile score is mapped.

Environmental variables

According to previous studies, there are many variables (including hydrological-thermal) that are
thought to be relevant to species” ecology and geographic distribution. Nevertheless, the selection of
biologically meaningful environmental variables that determine relative habitat suitability is a crucial
aspect of the modelling pipeline. In this study, we have used a recently reconsidered (in terms of bio-
logical significance) set of 16 climatic and two topographic variables (the ENVIREM dataset), many
of which are likely to have direct relevance to ecological or physiological processes determining spe-
cies distributions [Title & Bemmels 2018].

The most important set of variables assessed in performance of models was identified using the
Maxent Variable Selection package in R [Jueterbock et al. 2016]. The program first tests for Pear-
son correlation, then through an iterative process tests different regularization values, correlation
and contribution of variables to determine the best possible set of variables by sample size corrected
Akaike information criteria, AICc [Akaike 1974]. This procedure resulted in the selection of seven
climatic variables included for further analyses (Table 1).

Table 1. Environmental variables used in this study and their permutation contribution (%) to the model

Tabnuys 1. 3MiHHI HABKOMMIIHBOTO CePefOBULIA, BUKOPICTaHi B IbOMY JOCTIIKeHHi, Ta IX mepMyTaniii-
HMIT BHeCOK (%) y Mopenn

Variable abbreviation Brief description Units Contribution (%)
1 : Thornthwaite aridity index: Index of the degree of
ariditylndexThornthwaite water deficit below water need B >1
. . Average temperature of warmest month minus the o

continentality average temperature of coldest month C 26.7
Sum of mean monthly temperature for months with

growingDegDays5 mean temperature greater than 5 °C multiplied by - 8.4
number of days

maxTempColdestMonth Maximum temperature of the coldest month °C*10 8.1

minTempWarmestMonth Minimum temperature of the warmest month °C*10 1.8
Ap?lualbpf)tent%a%l evapotrat;lspiration: a measure
of the ability of the atmosphere to remove water

annPET through evapotranspiration processes, given unlimited mm/ year 211
moisture
Mean monthly PET (potential evapotranspiration) of

PETColdestQuarter coldest quarter mm/ month 28.7

Results

The best model with fewer predictors (see above) for the European-wide ecological niche of the
common hornbeam was obtained when the beta parameter equaled the default value of 1.0 (mini-
mum AICc = 139 318.3). The Maxent model showed a reliable (or ‘good’) prediction with an AUC of
0.726 (SD = 0.007), greater than the 0.5 of a random model.

In terms of permutation importance, ‘PETColdestQuarter’ contributed most to the model (28.7%),
followed by ‘continentality’ (26.7%) and ‘annPET’ (21.1%) (Table 1). These three variables collectively
contributed 76.5% of the variance in the bioclimatic model simulating the geographical distribution
of C. betulus in Europe.
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The leading role of the first two was accordingly supported by the jackknife tests of variable impor-
tance: the environmental variable with the highest gain when used in isolation is ‘PETColdestQuar-
ter, which therefore appears to have the most useful information by itself, whereas the environmental
variable that decreases the gain the most when it is omitted is ‘continentality; which therefore appears
to have the most information that is not present in any of the other variables used for building the
model. The remaining four bioclimatic factors were less important in determining the geographi-
cal distribution of C. betulus (collectively, they explained 23.4% of the variance, 1.8-8.4% for each
factor). The response curves of the first three most important climatic factors (PETColdestQuarter,
continentality and annPET) are presented in Figs 1-3, showing a general hump-shaped relationship
between the habitat suitability values and values of the corresponding climatic factors. Using a 50%
habitat suitability threshold (Waltari & Guralnick 2009), suitable conditions for the distribution of
the common hornbeam in Europe (in terms of the ENVIREM dataset) are PETColdestQuarter values
ranging between 12.8-18.06 mm/month, continentality (15.07-18.86°C), and annPET (706.6-902.3
mm/year).

0,60 1

HS
0,58 - . T . .
Fig. 1. Response curve of bioclimatic habitat
suitability (HS) for mean monthly PET (poten-
tial evapotranspiration) of the coldest quarter:
0,56 1 PETColdestQuarter (mm/month).
Puc. 1. Kpusa Biaryky 6ioxmimMaTidHol mpu-
0,54 - maTHOCTI cepenoBuiia icHyBanH: (HS) s ce-
’ penuboMicssunmx 3HadeHpb [IET (morenuiruol
eBaroTpaHCIipalil) HaJXOMOFHINIOro KBap-
05 tany poky: PETColdestQuarter (Mm/micAnp).
0,50 T T 1
10 11 12 13 14 15 16 17 18 19 20
petColdestQ
0,60 A HS
0,56
Fig. 2. Response curve of bioclimatic habitat
052 - suitability (HS) for continentality (°C).
Puc. 2. Kpusa Biaryky 6ioxmimMaTidHol mpu-
maTHOCTI cepemoBmma icHyBanuHa (HS) mma
0,48 - MoKa3HMka KoHTnHeHTanbHOCTi (°C).
0,44 | @m0
0,40 T T T T T T 1
13 14 15 16 17 18 19 20

continentality
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0,60 -

HS
0,58 A
Fig. 3. Response curve of bioclimatic habitat
0.56 - suitability (HS) for annual potential evapo-
’ transpiration: annPET (mm/year).
Puc. 3. Kpusa Biaryky 6ioxmimaTidHol mpu-
0.54 maTHOCTI cepemoBuimia icHyBanua (HS) mra
’ piunnx 3Hadenp IIET (moreHuiiiHoi eBamo-
tpancmipanii): annPET (Mm/pix).
0,52 A
0,50 T
10 11

Fig. 4. The ‘Most Limiting Factor’
model for the distribution of the
common hornbeam in Ukraine.
Lime and azure filling indicate
the geography of the suitability
values within the bioclimatic en-
velope of Carpinus betulus. Yel-
low filling shows the area where
conditions are outside the bio-
climatic envelope of the species.
Lime filling indicates areas with
suitability limited by ‘continen-
tality; while the azure filling de-
notes areas where ‘PETColdest-
Quarter’ and ‘annPET’ are the
limiting factors.

Puc. 4. Mogenp «Hait6inpi 06-
MeXyIo4oro (akTop» miA 3poc-

S = TaHHA Tpaba B Ykpainm. 3ene-
T T T HYBaTo- O/aKUTHE 3aIllOBHEHHs
BKa3ye Ha reorpa(bilo 3HAa4Ye€Hb
IPUAATHOCTI B MeXXax 6iokmima-
tunoi Himi C. betulus. YKosra
3a/IMBKa [TOKa3ye 00/1acTh, fie yMOBM 3pOCTAHHSI 3HAXOATHCS 11032 6iOK/IIMATHYHOIO HIIIO BUAY. 3eleHyBara
3a/IMBKa BKa3ye Ha 30HM, IPUJATHICTD SIKMX 0OMe)XeHa KOHTMHEHTA/IbHICTIO, a O/IAKMTHA 3a/I/BKA IIO3HAYAE
obmacTi, e cepenuboMicsuni sHadeHHA IIET (moteHyiliHoOl eBanoTpaHcIipanii) HajfXOMOZHIIIOr0 KBapTany
poxky Ta piuni sHavyeHHA IIET € oOMexxyounmmu paxropamu.

In terms of the ‘Most Limiting Factor’ output (Fig. 4), in Ukraine the most critical for the inclusion
of a grid cell within the resulting environmental envelope was the ‘continentality’ predictor. For the
majority of the country (around 78%), including northerly portions of the Crimea, Transcarpathia,
and NW Volyn, this is a crucial climatic factor limiting the distribution of the common hornbeam.
In a considerably smaller portion of the country (9.8%), namely in western Ukraine and southern
parts of the Crimea, suitable conditions for the species are limited by either ‘PETColdestQuarter’
or ‘annPET; apparently depending on the topography of the area. Further to the east, conditions are
predicted to be outside of the European bioclimatic envelope of C. betulus and can be considered
unsuitable for the species; this area occupies around 12.2% of the country.
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Discussion

Climate is considered the most important environmental factor influencing the distribution of
species and vegetation at a regional and global scale. Our research at the regional scale (Ukraine) has
concentrated on investigating the climatically suitable habitat, significant climatic factors, climatic
thresholds (niche) and climatic response curves of the common hornbeam using a European-wide
approach. The ‘good’ prediction of the resulting Maxent model (with an AUC of 0.726) may seem
insufficient, although it could be that species (such as C. betulus) with larger areas of occupancy, i.e.
larger range size, and those found over a greater range of environmental conditions, yield models with
lower accuracy than those with smaller ranges [Franklin et al. 2009; Gray & Hamann 2013]. Besides
this, climate variables are unlikely to be the only relevant predictors of habitat suitability [Austin &
Van Niel 2011], as plant survival and reproduction also depend on light, nutrients, water, soil type,
and CO,, as well as disturbances and biotic interactions [Hageer et al. 2017]. Including these variables
could have improved model performance, but here we explicitly focus on climate. Nevertheless, using
only climate variables the modelling exercise gave accurate projections of common hornbeam distri-
bution beyond the convex hull (used for calibrating the model; see above). For instance, the Maxent
model simulated potential habitat for the species in the Crimea, where hornbeam is found in isolation
[Didukh 1992; Cordova 2016].

In terms of variable importance, around 50% of the variation in the distribution of the study spe-
cies is due to measures of evapotranspiration (Table 1). Evapotranspiration has long been regarded as
an index to represent the available environmental energies and ecosystem productivity by bioclima-
tologists [Sun ef al. 2016] and has been used to explain large regional variations in plant and animal
species’ richness and biodiversity. For example, the variability in species richness in vertebrate classes
could be statistically explained by a monotonically increasing function of a single variable, potential
evapotranspiration (PET) [Currie 1991]. In contrast, regional tree richness was more closely related
to actual evapotranspiration, AET [Hawkins et al. 2003]. To relate these findings to our study, we as-
sume that geographical variations in habitat suitability for a separate species (as C. betulus) and such
variations in species’ richness must have at least some common drivers as far as both are dependent
on ecologically important aspects of climate linked to energy supply [O’Brien 2006], measured by
PET [Fisher et al. 2011]. However, despite this importance, a quantitative synthesis analysing the
contribution of over 400 distinct environmental variables to 2040 Maxent species’ distribution mod-
els PET is poorly represented: summer PET is accounted for in 34 articles whereas winter PET only
in three [Bradie & Leung 2017]. Nevertheless, winter PET in our case (represented by ‘PETColdest-
Quarter’) turned out to be a highly influential predictor of the European distribution of the common
hornbeam.

PET is minimal for whole study region in winter and the main explanation for that is the insuf-
ficiency of solar energy during the winter. Yet there seems to be a crucial demand by the common
hornbeam in the colder quarter of the year when trees are considered dormant. Dormancy is usually
stated as a period in which visible growth is not obviously apparent [Saure 1985], but cell division
and differentiation, tissue growth continue to occur at low temperatures in a slow and steady manner,
and there is also active synthesis of RNA and protein during dormancy [Bagni et al. 1977]. The corre-
sponding response curve (Fig. 1) may indicate the need for a sufficient energy supply to support these
processes. Consequently, areas with a better such supply are of better habitat suitability, which reaches
a peak at 0.57 by ‘PETColdestQuarter’ value of 16.43 mm/month. Further, however, the response
curve shows a sudden drop. Most likely, this indicates that a surplus of ambient energy may have the
potential to break dormancy and considerably reduce habitat suitability by causing premature growth
onset and heavy damage during subsequent periods of frost, a possible scenario that may occur under
climate change [Hianninen 1991].

Likewise the ‘PETColdestQuarter’ predictor, annual potential evapotranspiration (‘annPET’),
an index representing accumulated energy availability throughout the year [Thornthwaite 1948],
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substantially contributes to the Maxent model, and is strongly correlated to potential evapotranspira-
tion occurring in the warmest quarter (summer). Excessive values of ‘annPET’ apparently lead to a
deficit of moisture in the soil, therefore after a value of 876.36 mm/year, there is a sharp decline of the
corresponding response curve (Fig. 3). This indicates worsening habitat suitability for hornbeam in
areas where ‘annPET’ values exceed this threshold, and this could be due to the summer water deficit,
which is damaging for hornbeam populations [Sykes et al. 1996].

In contrast to ‘PETColdestQuarter’ and ‘annPET; ‘continentality’ causes the largest decrease in
the model’s gain, and therefore includes information not found in the first two. ‘Continentality’ as
a distinguishable dimension of the climatic niche of the species, features the seasonal amplitude in
ambient temperature, where large differences between low temperatures (frost) in the winter, and
high temperatures (heat) in June, are suggested to be limiting factors of tree growth [Clark et al. 2014;
Augustaitis et al. 2015]. According to Sykes et al. [1996], the common hornbeam can tolerate win-
ter mean temperatures as low as —-8°C. Using GIS to extract climate data from the CliMond dataset
[Kriticos et al. 2012], we arrived with approximately the same figure (-8.65°C) for mean temperatures
of the coldest quarter, but also found the first quartile to be close to zero (precisely —0.8°C), mean-
ing only 25% of the point data are from places where the mean temperatures of the coldest quarter
are below this level. Interestingly, values at the lower extremes of ‘continentality’ (in fact, increased
‘oceanicity’) are just as restraining as those of the upper (Fig. 2), indicating that there is perhaps some
‘degree of continentality’ essential for the well-being of the species. This notion has been much earlier
expressed by D. D. Lavrinenko, a Soviet botanist, who wrote that “...each of the climatic forest zones
(climatopes) should be described by the definite amount of warmth ... received by the plants and by
the definite degree of continentality of climate...” [Lavrinenko 1972].

Because the distribution of any species depends on variables related to climate, it is likely that the
species could rapidly respond to climatic change [Luoto et al. 2006]. In this respect, the common
hornbeam is no exception, as exemplified by the history of the species in Eastern Europe. Limiting
factors and thresholds (particularly of PET indices) are bound to shift together with global climate
change and bring in changes to the pattern of the common hornbeam distribution, especially at its
edges.

Conclusions

Species distribution models are powerful tools to assess the potential geographical distributions of
target species, relying on the correlation between species existence and corresponding environmental
variables. Using the ENVIREM dataset [Title & Bemmels 2018], presence-only point data (supple-
mented by data from Ukraine), and by applying a maximum entropy (Maxent) model approach [Phil-
lips et al. 2006], we consider to have reliably modeled the European-wide bioclimatic niche of the
common hornbeam for predicting the response of species’ geographical distribution to climate. Most
contributing to the model were the mean monthly PET (potential evapotranspiration) of the coldest
quarter, continentality, and annual PET. In terms of the ‘Most Limiting Factor, in Ukraine continen-
tality is crucial throughout most of the country.

Acknowledgements

This research received no specific funding from any public, commercial, or non-profit agency. We
greatly appreciate the time and careful consideration received from anonymous reviewers and the
subject editor; their comments helped to improve the paper.

References

Akaike, H. 1974. A new look at the statistical model identification. IEEE Transactions on Automatic Control, 19
(6): 716-723. https://doi.org/lO.l 109/TAC.1974.1100705

Augustaitis, A., A. Kliucius, V. Marozas, [et al.]. 2015. Sensitivity of European beech trees to unfavorable

environmental factors on the edge and outside of their distribution range in north-eastern Europe. iForest,
9: 259-269. https://doi.org/10.3832/ifor1398-008

p-ISSN 2617-6157 e-ISSN 2617-6165 GEO&BIO + 2023 « Tom 24 233



Austin, M. P.2002. Spatial prediction of species distribution: An interface between ecological theoryand statistical
modelling. Ecological Modelling, 157 (2-3): 101-118. https://doi.org/10.1016/S0304-3800(02)00205-3

Austin, M. P, K. P. Van Niel. 2011. Impact of landscape predictors on climate change modelling of species
distributions: a case study with Eucalyptus fastigata in southern New South Wales, Australia. Journal of
Biogeography, 38 (1): 9-19. https://doi.org/10.1111/j.1365-2699.2010.02415.x

Bagni, N., G. Marino, P. Torrigiani, [et al.]. 1977. Levels and aggregation of ribosomes during dormancy
and dormancy break of peach flower buds. Physiologica Plantarum, 39 (2): 165-168. https://doi.
org/10.1111/j.1399-3054.1977.tb04029.x

Baldwin, R. A. 2009. Use of maximum entropy modeling in wildlife research. Entropy, 11 (4): 854-866. https://
doi.org/10.3390/e11040854

Beck, J., L. Ballesteros-Mejia, P. Nagel, [et al.]. 2013. Online solutions and the ‘Wallacean shortfall: What does
GBIF contribute to our knowledge of species’ ranges? Diversity and Distributions, 19 (8): 1043-1050. https://
doi.org/10.1111/ddi.12083

Bradie, J., B. Leung. 2017. A quantitative synthesis of the importance of variables used in MaxEnt species
distribution models. Journal of Biogeography, 44: 1344-1361. https://doi.org/10.1111/jbi.12894

Carpinus betulus L. in GBIF Secretariat (2017). GBIF Backbone Taxonomy. Checklist Dataset https://doi.
org/10.15468/39omei

Clark, J., Y. Wang, P. V. August. 2014. Assessing current and projected suitable habitats for tree-of-heaven along
the Appalachian Trail. Philosophical Transactions of the Royal Society B: Biological Sciences, 369 (1643):
20130192. https://doi.org/10.1098/rstb.2013.0192

Conrad, O., B. Bechtel, M. Bock et al. 2015. System for Automated Geoscientific Analyses (SAGA) v. 2.1.4.
Geoscientific Model Development, 8: 1991-2007. https://doi.org/10.5194/gmd-8-1991-2015

Cordova, C. 2016. Crimea and the Black Sea: An Environmental History. London, New York, I. B. Tauris, 1-235.

Currie, D.J. 1991. Energy and large-scale patterns of animal-species and plant-species richness. American
Naturalist, 137 (1): 27-49. https://doi.org/10.1086/285144

Desprez-Loustau, M.-L., B. Marcais, L.-M. Nageleisen, [et al.]. 2006. Interactive effects of drought and pathogens
in forest trees. Annals of Forest Science, 63 (6): 597-612. https://doi.org/10.1051/forest:2006040

Didukh, J. P. 1992. Vegetation cover of the mountainous Crimea. K.: Naukova dumbka, 1-250. [In Russian]

Elith, J., S. J. Phillips, T. Hastie, [et al.]. 2011. A statistical explanation of MaxEnt for ecologists. Diversity and
Distributions, 11 (1): 43-57. https://doi.org/10.1111/j.1472-4642.2010.00725.x

Ellison, A. M., M. S. Bank, B. D. Clinton et al. 2005. Loss of foundation species: consequences for the structure
and dynamics of forested ecosystems. Frontiers in Ecology and the Environment, 3 (9): 479-486. https://doi.
org/10.1890/1540-9295(2005)003[0479:LOFSCF]2.0.CO:;2

European Commission. 2013. Interpretation Manual of European Union Habitats, version EUR 28. Nature and
Biodiversity Directorate-General for the Environment, Brussels. https://eunis.eea.europa.eu/references/2435

Fedorova, R. V. 1951. On the question of the distribution of hornbeam in the post-glacial period on the territory
of the European part of the USSR. Problems of physical geography, 16: 163-165. [In Russian]

Fielding, A. H., J. E Bell. 1997. A review of methods for the assessment of prediction errors in conservation
presence/absence models. Environmental Conservation, 24 (1): 38-49. http://dx.doi.org/10.1017/
S0376892997000088

Fisher, ].B., R. J. Whittaker, Y. Malhi. 2011. ET come home: potential evapotranspiration in geographical ecology.
Global Ecology and Biogeography, 20 (1): 1-18. https://doi.org/10.1111/j.1466-8238.2010.00578.x

Franklin, J., K. E. Wejnert, S. A. Hathaway et al. 2009. Effect of species rarity on the accuracy of species
distribution models for reptiles and amphibians in southern California. Diversity and Distributions, 15 (1):
167-177. https://doi.org/10.1111/j.1472-4642.2008.00536.x

Gray, LK., A. Hamann. 2013. Tracking suitable habitat for tree populations under climate change in western
North America. Climate Change, 117 (1-2): 289-303. https://doi.org/10.1007/s10584-012-0548-8

Guisan, A., W. Thuiller. 2005. Predicting species distribution: Offering more than simple habitat models.
Ecology Letters, 8 (9): 993-1009. https://doi.org/10.1111/j.1461-0248.2005.00792.x

Hageer, Y., M. Esperén-Rodriguez, J. B. Baumgartner et al. 2017. Climate, soil or both? Which variables are
better predictors of the distributions of Australian shrub species? Peer], 5: e3446. https://doi.org/10.7717/
peerj.3446

Hénninen, H. 1991. Does climatic warming increase the risk of frost damage in northern trees? Plant Cell and
Environment, 14 (5): 449-454. https://doi.org/10.1111/j.1365-3040.1991.tb01514.x

Hawkins, B. A., R. Field, H. V. Cornell, et al. 2003. Energy, water, and broad-scale geographic patterns of species
richness. Ecology, 84 (12): 3105-3117. https://doi.org/10.1890/03-8006

Hijmans, R. J., L. Guarino, M. Cruz, [et al.]. 2001. Computer tools for spatial analysis of plant genetic resources
data: 1. DIVA-GIS. Plant Genetic Resources Newsletter, No. 127: 15-19.

Holdridge, L. R. 1947. Determination of world plant formations from simple climatic data. Science, 105 (2727):
367-368. https://doi.org/10.1126/science.105.2727.367

Huntley, B., P. M. Berry, W. Cramer, [et al.]. 1995. Modelling present and potential future ranges of some
European higher plants using climate response surfaces. Journal of Biogeography, 22 (6): 967-1001. https://
doi.org/10.2307/2845830

234 GEO&BIO + 2023 - vol. 24 p-ISSN 2617-6157 e-ISSN 2617-6165


https://doi.org/10.15468/39omei
https://doi.org/10.15468/39omei

Hutchinson, A.H. 1918. Limiting factors in relation to specific ranges of tolerance of forest trees. Botanical
Gazette, 66 (6): 465-493. https://doi.org/10.1086/332372

Jueterbock, A., L. Smolina, J. A. Coyer, et al. 2016. The fate of the Arctic seaweed Fucus distichus under climate
change: an ecological niche modelling approach. Ecology and Evolution, 6 (6): 1712-1724. https://doi.
org/10.1002/ece3.2001

Kira, T. 1976. Terrestrial ecosystem—a general survey. Kyoritsu Shuppan, Tokyo, 1-166.

Koppen, W. 1936. Das geographische System der Klimate. Handbuch der Klimatologie (Ed. by W. Koppen and
R. Geiger), 1 ( part C), 1-44. Source: http://koeppen-geiger.vu-wien.ac.at/pdf/Koppen_1936.pdf

Kriticos, D. J., B. L. Webber, A. Leriche, [et al.]. 2012. CliMond: global high resolution historical and future
scenario climate surfaces for bioclimatic modelling. Methods in Ecology and Evolution, 3 (1): 53-64. https://
doi.org/10.1111/§.2041-210X.2011.00134.x

Laurent, J.-M., A. Bar-Hen, L. Francois, [et al.]. 2004. Refining vegetation simulation models: from plant
functional types to bioclimatic affinity groups of plants. Journal of Vegetation Science, 15 (6): 739-746.
https://doi.org/10.1111/j.1654-1103.2004.tb02316.x

Lavrinenko, D. D. 1972. Interaction of Wood Species in Different Types of Forests. Volume 70, issue 57224. U.S.
Department of Agriculture, Forest Service, and the National Science Foundation, 1-331. (Series: United
States. National Technical Information Service).

Loehle, C., D. LeBlanc. 1996. Model-based assessments of climate change effects on forests: A critical review.
Ecological Modelling, 90 (1): 1-31. https://doi.org/10.1016/0304-3800(96)83709-4

MacDicken, K., O. Jonsson, L. Pifa, et al. 2015. «Global Forest Resources Assessment 2015» (PDF): fao.org.
Food and Agriculture Organization of the United Nations. Archived (PDF) from the original on 3 October
2015. ISBN 9781370433124.

Mala, Yu. I. 2012. Hornbeam forests at the southern limit of distribution. Black Sea Botanical Journal, 8 (3):
265-283. [In Ukrainian]

Mauri, A., G. Strona, J. San-Miguel-Ayanz. 2017. EU-Forest, a high-resolution tree occurrence dataset for
Europe. Scientific Data, 4: 160123. https://doi.org/10.1038/sdata.2016.123

Nix, H. A. 1986. A biogeographic analysis of Australian Elapid Snakes. In: R. Longmore (ed.). Atlas of Elapid
Snakes of Australia, Australian Government Publishing Service, Canberra, Sydney, Australia, 4-15. (Series:
Australian Flora and Fauna; Number 7).

O’Brien, E. M. 2006. Biological relativity to water—energy dynamics. Journal of Biogeography, 33 (11): 1868-
1888. https://doi.org/10.1111/j.1365-2699.2006.01534.x

Phillips, S. J., R. P. Anderson, R. E. Schapire. 2006. Maximum entropy modeling of species geographic
distributions. Ecological Modelling, 190 (3): 231-259. https://doi.org/10.1016/j.ecolmodel.2005.03.026

Pokorny, P. 2005. Role of man in the development of Holocene vegetation in Central Bohemia. Preslia, 77 (1):
113-128.

Prentice, I. C., W. Cramer, S. P. Harrison, [et al.]. 1992. A global biome model based on plant physiology
and dominance, soil properties and climate. Journal of Biogeography, 19 (2): 117-134. https://doi.
org/10.2307/2845499

Raffa, K. F, B. H. Aukema, B. J. Bentz, [et al.]. 2008. Cross-scale drivers of natural disturbances prone to
anthropogenic amplification: the dynamics of bark beetle eruptions. Bioscience, 58 (6): 501-517. https://doi.
org/10.1641/B580607

Saure, M. C. 1985. Dormancy release in deciduous fruit trees. Horticultural Reviews, 7: 239-299. https://doi.
0rg/10.1002/9781118060735.ch6

Simonov, D. O, Y. P. Didukh. 2001. Climatic and chorological analysis of representatives of the tree flora of
Ukraine. Scientific notes NaUKMA, 19 (2): 405-406. [In Ukrainian]

Sun, G., J.-C. Domec, D. M. Amatya. 2016. Forest evapotranspiration: measurements and modeling at multiple
scales. In: Amatya et al. (eds.), Forest Hydrology: Processes, Management and Assessment. CABI Publishers,
UK., 32-50.

Swets, J. 1988. Measuring the accuracy of diagnostic systems. Science, 240 (4857): 1285-1293. https://doi.
org/10.1126/science.3287615

Sykes, M. T., L. C. Prentice, R. W. Cramer. 1996. A bioclimatic model for the potential distributions of north
European tree species under present and future climates. Journal of Biogeography, 23 (2): 203-233. http://
www.jstor.org/stable/2845812.

Thornthwaite, C. W. 1948. An approach toward a rational classification of climate. Geographical Review, 38 (1):
57-94. https://doi.org/10.2307/210739

Title, P. O., J. B. Bemmels. 2018. ENVIREM: an expanded set of bioclimatic and topographic variables increases
flexibility and improves performance of ecological niche modeling. Ecography, 41 (2): 291-307. https://doi.
org/10.1101/075200

Tonkov, S., E. Marinova, M. Filipova-Marinova, et al. 2013. Holocene palaeoecology and human-environmental
interactions at the coastal Black Sea Lake Durankulak, northeastern Bulgaria. Quaternary International, 328
(1): 277-286. https://doi.org/10.1016/j.quaint.2013.12.004

Udra, 1. K. 1988. Dispersion of plants and issues of paleo- and biogeography. Naukova Dumka, Kyiv, 1-200. [In
Russian]

p-ISSN 2617-6157 e-ISSN 2617-6165 GEO&BIO + 2023 « Tom 24 235



Udra, I. K. 2010. Reasons for the reduction of the range of common hornbeam (Carpinus betulus L.) and its
migratory possibilities of restoration of lost territories. Bulletin of the National Museum of Natural Sciences,
8: 111-128. [In Ukrainian]

Verbruggen, H., L. Tyberghein, G. S. Belton et al. 2013. Improving transferability of introduced species’
distribution models: new tools to forecast the spread of a highly invasive seaweed. PLoS One, 8: e68337.
https://doi.org/10.1371%2Fjournal.pone.0068337

Vorobyov, E. O., V. M. Lyubchenko, V. A. Solomakha, et al. 2008. Classification of hornbeam forests of Ukraine.
Phytosociotsentr, Kyiv, 1-252. [In Ukrainian] ISBN: 978-966-306-147-6

Waltari, E., R. P. Guralnick. 2009. Ecological niche modeling of montane mammals in the Great Basin,
North America: examining past and present connectivity of species across basins and ranges. Journal of
Biogeography, 36 (1): 148-161. https://doi.org/10.1111/j.1365-2699.2008.01959.x

Warren, D. L., R. E. Glor, M. Turelli. 2010. ENM Tools: a toolbox for comparative studies of environmental
niche models. Ecography, 33 (3): 607-611. https://doi.org/10.1111/j.1600-0587.2009.06142.x

Woodward, F I. 1987. Climate and Plant Distribution. Cambridge University Press, 1-174. ISBN 0521237661.

Woodward, E I, L. Rochefort. 1991. Sensitivity analysis of vegetation diversity to environmental change. Global
Ecology and Biogeography Letters, 1 (1): 7-23. https://doi.org/10.2307/2997540

236 GEO&BIO + 2023 - vol. 24 p-ISSN 2617-6157 e-ISSN 2617-6165



	_Hlk112507565
	_Hlk112526880
	_Hlk112528220
	.D0.9F.D0.BE.D0.BF.D1.8B.D1.82.D0.BA.D0.
	.D0.94.D1.80.D1.83.D0.B3.D0.B8.D0.B5_.D0
	_Hlk130762044
	_Hlk131172396
	_Hlk132022230
	_Hlk134797755
	_Hlk133846033
	_Hlk134036847
	_Hlk126748360
	_Hlk126839524
	_Hlk25312044
	_Hlk25001632
	_Hlk119583878
	_Hlk114564541
	_Hlk112175645
	_Hlk121563960
	_Hlk112176000
	_Hlk121564771
	_Hlk112176091
	_Hlk121563583
	_Hlk25315657
	_Hlk31991664
	_Hlk134036972
	_Hlk114053982
	_Hlk136183124
	_Hlk133055612
	_Hlk122183592
	_Hlk133851298
	_Hlk133677740
	_Hlk133677798
	_Hlk134010699
	_Hlk136183140
	_Hlk138943878
	_Hlk101190814
	_Hlk134526018
	_Hlk138599160
	_Hlk138599658
	_Hlk138608763
	_Hlk138608863
	_Hlk138608872
	_Hlk138608939
	_Hlk138609017
	_Hlk138609485
	_Hlk138610280
	_Hlk136708208
	_Hlk138610286
	_Hlk138610291
	_Hlk138610566
	_Hlk138610474
	_Hlk138610532
	_Hlk138610582
	_Hlk136795117
	_Hlk138610655
	_Hlk138610763
	_Hlk138611033
	_Hlk138612868
	_Hlk138613317
	_Hlk138614271
	_Hlk138607605
	_Hlk138607616
	_Hlk138555445
	_Hlk138555693
	_Hlk138555708
	_Hlk138556198
	_Hlk138556639
	_Hlk138556672
	_Hlk138556816
	_Hlk138556827
	_Hlk138556960
	_Hlk139159788
	_Hlk136821435
	_Hlk136611105
	_Hlk138772741
	_Hlk138774556
	_Hlk138773632
	_Hlk138772982
	_Hlk138773292
	_Hlk138774179
	_Hlk138773401
	_Hlk138773463
	_Hlk138773270
	_Hlk138773729
	_Hlk138773751
	_Hlk138773706
	_Hlk138773080
	_Hlk138772882
	_Hlk138773812
	_Hlk138773001
	_Hlk138772925
	_Hlk138773105
	_Hlk138773655
	_Hlk138773316
	_Hlk138773679
	_Hlk138773496
	_Hlk138773031
	_Hlk138773563
	_Hlk138773792
	_Hlk138773134
	_Hlk138773598
	_Hlk138773842
	_Hlk138773441
	_Hlk138773529
	_Hlk125315134
	_Hlk125318717
	_Hlk125317654
	_Hlk125317442
	_Hlk140518625
	_Hlk139224361
	_Hlk133565055
	_Hlk132235213
	_Hlk138421438

	Кнопка 60: 


