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Abstract
Mountains are fascinating habitats, characterized by steep ecological vertical gradients and corresponding altitudinal vegetation zonation. Alpine treelines as upper
boundaries of more or less contiguous tree stands are the most conspicuous vegetation limits; they have always attracted great research interest. Globally, alpine treeline
elevations in mountains are caused by heat deficiency. At landscape and local scales,
however, multiple interactions of influencing factors and mechanisms determine
treeline position, spatial pattern, and dynamics.
In the course of climate change, it is postulated that treelines will shift to higher
elevations. In order to be able to quantify potential shifts, an analysis of the underlying
factors and a correct modelling of the treeline ecotone under current climatic conditions are of great importance. For this purpose, statistical models are used to calculate
the ecological niche of species based on climatic factors. These models serve as a baseline for models that project the distribution under future climatic conditions.
The Himalayas are the largest mountain range in the world, yet they are often underrepresented in scientific literature. This holds particularly true in relation to modelling studies. Modelling treeline species in remote high altitude regions faces several
challenges, especially the availability of occurrence data and high quality environmental variables.
This research aimed at modelling the ecological niche of the Himalayan birch (Betula utilis) under present climatic conditions in the Himalayan mountain system. B.
utilis represents a favourable target species for modelling studies, since it is widespread as a treeline-forming species along the entire Himalayan arch. Due to less distinctive habitat requirements and high adaptation potential, it is gaining importance
as a pioneer tree species for possible succession developments at treelines under future climate conditions.
In all three parts of this work, generalized linear models (GLMs) were used to
model the ecological niche of B. utilis. By evaluating the models on the basis of several
quality criteria, statistically valid results were obtained. In order to ensure the transferability of the results to other studies, primarily freely available data were used (except some of the climate data in Article I). In a synergistic approach, a detailed study
of the underlying climatic, topographical and plant phenological factors was undertaken in order to model the potential and the actual distribution of the focal species.
In the first part, the climatic factors influencing the distribution of B. utilis were
determined, followed by modelling the potential distribution under present climatic
conditions. In order to classify the results, the modelled distribution was compared
with the vegetation map of Schweinfurth (1957), and the deviations were discussed.
In the second part, the ecological niche of B. utilis was modelled based on two different climate data sets. In order to investigate the impact of each climate data set we
compared model accuracy and prediction of the modelled niche of B. utilis.

Furthermore, with regard to possible distortion of the modelled distributional areas,
the importance of analysing climate input variables was highlighted. Biased results of
current distributions lead to flawed distributions under future scenarios, which may
have to far-reaching consequences for the derived climate and nature conservation
implications.
In the third part, the focus was on exploring the potential of remote sensing data
for modelling the current distribution of B. utilis. Topographical and plant phenological data were used to model the realised niche and to identify the underlying factors.
Another focus was evaluating an exclusively remote sensing-based approach. For future studies, remote sensing data can provide long-term, high-resolution, and speciesadapted variables to model current distributions.
The present research is the first of its kind in the Himalayan region, and it is characterised by its large-scale and comprehensive nature. To date, comparable studies
dealing with modelling the ecological niche of B. utilis under present climatic conditions along the entire Himalayan arch were not conducted. The present results provide a new starting point for further investigations aimed at modelling the distribution of the species under past or future climate scenarios. Simultaneously, the presented approaches can also be transferred to other treeline species in high mountains.

Zusammenfassung
Gebirge stellen faszinierende Lebensräume dar, die durch steile ökologische Vertikalgradienten und eine entsprechende Vegetationshöhenstufung charakterisiert sind.
Alpine Waldgrenzen stellen die auffälligsten Höhengrenzen dar, da sie die obere
Grenze mehr oder weniger geschlossener Baumbestände markieren; sie haben seit
jeher großes Forschungsinteresse geweckt. Global betrachtet wird die Höhenlage der
Waldgrenze in Gebirgen durch Wärmemangel bedingt, lokal hängen Lage, räumliche
Strukturen und Dynamik der Waldgrenze von einer Vielzahl sich wechselseitig beeinflussender Faktoren und Prozesse ab.
Im Zuge des Klimawandels wird postuliert, dass sich die Waldgrenze in höhere Lagen verschieben wird. Um diese möglichen Arealverschiebungen quantifizieren zu
können, ist eine Analyse der zugrundeliegenden Faktoren und eine korrekte Modellierung des Waldgrenzökotons unter gegenwärtigen klimatischen Bedingungen von
großer Bedeutung. Hierfür kann mit Hilfe von statischen Modellen die ökologische
Nische von Arten anhand von Umweltvariablen berechnet werden. Diese Ergebnisse
dienen dann als Ausgangsbasis für Studien, welche die Verbreitung unter Klimaszenarien der Vergangenheit oder der Zukunft modellieren.
Der Himalaya ist zwar das größte Gebirge der Erde, es ist in der wissenschaftlichen
Literatur jedoch oftmals unterrepräsentiert. Dies gilt vor allem in Bezug auf Modellierungsstudien. Grundsätzlich ist die Modellierung von Baumarten an der Waldgrenze
mit verschiedenen Herausforderungen konfrontiert, dies bezieht sich vor allem auf
die Verfügbarkeit von Vorkommensdaten und qualitativ hochwertigen Umweltvariablen.
Das Ziel dieser Arbeit war die Modellierung der ökologischen Nische der HimalayaBirke (Betula utilis) unter gegenwärtigen klimatischen Bedingungen im Himalaya. B.
utilis stellt eine für Modellierungen vorteilhafte Zielart dar, da sie als waldgrenzbildende Art entlang des gesamten Himalayabogens verbreitet ist. Aufgrund geringer
Standortansprüche und hohem Anpassungspotenzial gewinnt sie als Pionierbaumart
im Zuge möglicher Sukzessionsentwicklungen unter zukünftigen klimatischen Verhältnissen an der Waldgrenze an Bedeutung.
In den dieser Arbeit zugrunde liegenden publizierten Studien wurden verallgemeinerte lineare Modelle zur Modellierung der ökologischen Nische von B. utilis verwendet. Durch die Evaluation der Modelle anhand von mehreren Gütekriterien wurden
Ergebnisse von statistischer Validität erzielt. Um die Übertragbarkeit der Ergebnisse
auf andere Gebiete gewährleisten zu können, wurden weitestgehend frei verfügbare
Daten verwendet. In einem synergetischen Ansatz wurde eine detaillierte Untersuchung der zugrunde liegenden klimatischen, topographischen und pflanzenphänologischen Faktoren vorgenommen, um sowohl die potenzielle als auch die aktuelle Verbreitung der Art zu modellieren.

Im ersten Teil dieser Arbeit wurden die klimatischen Faktoren bestimmt, die für
die Verbreitung von B. utilis maßgeblich sind. Es folgte die Modellierung der potenziellen Nische unter gegenwärtigen klimatischen Bedingungen. Um die Ergebnisse einordnen zu können, wurde die modellierte Verbreitung mit der Vegetationskarte von
Schweinfurth (1957) verglichen und die Abweichungen erörtert.
Im zweiten Teil wurden Modelle der ökologischen Nische von B. utilis basierend
auf zwei verschiedenen Klimadatensätzen erstellt. Anschließend wurden Modellgüte
und – vorhersage der modellierten ökologischen Nische von B. utilis miteinander verglichen. Desweiteren wurde, in Bezug auf mögliche Verzerrungen der modellierten
Verbreitungsgebiete, die Bedeutung der Analyse der zugrunde liegenden klimatischen Eingangsvariablen untersucht. Verzerrte Ergebnisse der gegenwärtigen Verbreitung führen zu fehlerhaften Verbreitungen unter Zukunftsszenarien und können
weitreichende Folgen für den daraus abgeleiteten Klima- und Naturschutz bedeuten.
Im dritten Teil lag der Fokus auf der Erkundung des Potenzials von Fernerkundungsdaten zur Modellierung der aktuellen Verbreitung von B. utilis. Hierfür wurden
topographische und pflanzenphänologische Daten herangezogen, um die realistische
Nische zu modellieren und die zugrunde liegenden Faktoren zu identifizieren. Ein
weiterer Schwerpunkt war die Evaluation eines ausschließlich fernerkundungsbasierten Ansatzes. Für zukünftige Studien können Fern-erkundungsdaten langjährige,
hochaufgelöste und auf die Art angepasste Variablen zur Modellierung der gegenwärtigen Verbreitung liefern.
Die vorliegende Arbeit ist mit allen drei Teilen die erste ihrer Art für die HimalayaRegion und zeichnet sich durch ihre großflächige und umfassende Perspektive aus. So
gibt es bis dato keine vergleichbaren Studien, die sich mit der Modellierung der ökologischen Nische von B. utilis unter gegenwärtigen klimatischen Bedingungen entlang
des gesamten Himalayabogens beschäftigen. Die vorliegenden Ergebnisse stellen einen neuen Ausgangspunkt für weitere Untersuchungen dar, die die Modellierung der
Verbreitung von B. utilis unter vergangenen oder zukünftigen Klimaszenarien zum
Ziel haben. Ebenso können die vorgestellten Ansätze auch auf andere Arten in Hochgebirgen übertragen werden.
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Introduction
1. Introduction
High mountains feature fascinating vegetation zonations and host considerable biodiversity and endemism. With over 10.000 alpine plant species on a comparatively
small part of the Earth’ surface (< 3 %), the biodiversity is 3.7 % higher than the
global average (Körner, 2003). High mountains are characterized inter alia by recent
or past glaciations, geomorphological processes such as frost weathering and solifluction, raising to an elevation above the climatic treeline, and complex altitudinal vegetation zonations (Troll, 1975; Jentsch & Liedtke, 1980).
High elevation treelines can be considered one of the most conspicuous natural
vegetation boundaries, and the investigation of underlying factors for treeline formation has generated considerable research interest for a long time (Holtmeier,
2009). The causes and underlying ecological drivers regarding natural treelines are
manifold and cross-comparison of studies is often impeded because researchers do
not adhere to a universally accepted terminology in defining spatial dimensions of
treeline environments (Elliot, 2017). The term ‘treeline’ is defined as an intentional
line connecting the highest patches of tree stands composed of trees at least 3 m in
height (Körner, 2012). Below the treeline, the timberline marks the upper distributional limit of closed forests. Above the treeline, by contrast, the tree species line represents the uppermost occurrences of tree species individuals, either seedlings or
trees characterised by crippled growth habit, also described as krummholz (Körner,
2012).
Although the terms are described as lines, the demarcation to other vegetation formations may not always appear to be abrupt or even clearly delimited, resulting in a
more or less wide treeline ecotone. Ecotones are the result of environmental gradients that determine physiological and reproductive range limits of species, resulting
in separate spatial ranges of adjacent vegetation formations which may overlap. Steep
environmental gradients result in more constrained ecotones, and a gradual gradient
in broader ecotones. Compared to arctic treelines, alpine treelines show rather narrow ecotones due to steep slopes (Elliot, 2017). Depending on the geographical position of the treeline and the tree species, ecological characteristics and requirements
may differ at temporal and spatial scales.
Three types of treelines can be distinguished: orographic, climatic and anthropogenic treelines. For orographic treelines, the surrounding topography and geomorphology governs the treeline position, whereas for climatic treelines, climate conditions determine the treeline position, tree establishment and potential treeline advance. At a global scale, the position of natural treelines is mainly controlled by heat
deficiency, or in other words, a mean growing season air temperature of 5.5 to 7.0 °C
and a mean growing season soil temperature of 6.4±0.7 °C (Körner, 2007; Körner &
Paulsen, 2004), whereas at smaller spatial scales, other abiotic and biotic factors such
as precipitation, inter-annual climatic variability, wind, radiation, snow, soils, inter1
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specific competition, insect infestations as well as historical factors influence spatial
patterns and physiognomy of treelines (Holtmeier, 2009; Holtmeier & Broll, 2005). At
almost all treelines worldwide, human impacts (fire, logging or pastoralism) have influenced treeline positions or even altered species compositions (anthropogenic
treeline; Holtmeier, 2009). Although the uppermost occurrences of trees are mainly
attributed to cold temperatures, trees may not reach their distributional limit due to
interactions of multiple specific site factors, leading to a decline in subalpine forests
and thereafter to modified or depressed treeline positions (Schickhoff et al., 2016a).
Since treeline elevations are characterised by low temperatures, high elevation climatic treelines can be considered sensitive indicators of past and recent climate
change and variability at local and global scales (Kullman, 1998; Holtmeier, 2009;
Smith et al., 2009; Körner, 2012). During recent decades, investigation of climate
change-driven treeline dynamics has generated considerable research interest, and
results have been widely reported from various treelines around the world (e.g.,
Randin et al., 2009; Harsch et al., 2009; Paulsen & Körner, 2014, Schibalski et al., 2014;
Schickhoff et al., 2015, 2016). Since high mountain environments are subjected to
above-average warming rates, treeline dynamics under future climate change scenarios are of particular interest in this respect (Schickhoff, 2011; IPCC, 2014). Global average mean temperature has increased by +0.85 °C between 1880 and 2012 (IPCC,
2013). For the Himalayan mountain system, it is hypothesised that the climate is
changing at a faster rate than the global average (Shrestha et al., 2012; Schickhoff et
al., 2016b). Since 1989, temperature increases during winter months of up to +0.8 °C
per decade have been determined in the eastern Himalayas (Gerlitz et al., 2014),
whereas pre-monsoon season temperature increases of up to +1.0 °C per decade have
been found for higher elevations along the entire Himalayan arc (Schickhoff et al.,
2015). Shrestha et al. (2012) found an extended growing season by 4.7 days at average during a 25-year period, with seasonal and regional variations. For the previous
century, decreases in annual precipitation (up to 20%) have been identified for the
western, but not for the eastern Himalayas (Jain et al., 2013; Schickhoff et al., 2016b).
It is to be expected that an increase in temperature and coherently evapotranspiration, combined with a decrease in precipitation, results in amplified drought stress,
primarily in the pre-monsoon season (Schickhoff et al., 2015).
One popular hypothesis is that, due to changing regional climatic conditions,
ranges of subalpine and alpine species as well as treelines shift upwards along altitudinal, thermally defined gradients (Gottfried et al., 2012; Pauli et al., 2012; Wieser et
al., 2014). Furthermore, it is postulated that species respond by altered seasonal phenology (Hughes, 2000; Smith et al., 2012; Anadon-Rosell et al., 2014; Ernakovich et
al., 2014; Hart et al., 2014), while some species are threatened by extinction or are
already extinct (Parmesan, 2006; Pauli et al., 2012; Alexander et al., 2015; Cotto et al.,
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2017). Treelines are regarded as particularly responsive to changing temperature regimes, and initial effects of future climate-induced range shifts are expected for species in high altitude treeline ecotones.
Modelling the distributional range of treeline species and predicting changes under
future climate scenarios has become an increasingly applied component in investigations of high altitude treelines (e.g., Dullinger et al., 2004; Thuiller et al., 2005; Parolo
et al., 2008). In contrast to other mountains of the world, the Himalayan region has
largely been neglected and is clearly under-represented in scientific literature on climate change-induced species range shifts (Schickhoff, 2005; Miehe et al., 2007;
Telwala et al., 2013, Dutta et al., 2014; Schickhoff et al., 2015). The number of studies
which aim to predict species’ distribution or forecast species range shifts under climate change scenarios is limited (e.g., Kumar, 2012; Menon et al., 2012; Ranjitkar et
al., 2014 on Rhododendron spp.; Menon et al., 2010 on Gymnocladus assamicus; Jaryan et al., 2013 on Sapium sebiferum; Gajurel et al., 2014 on Taxus wallichiana; Ranjitkar et al., 2014 on Oxybaphus himalaicus and Boerhavia diffusa; Shrestha et al.,
2014 on Ophiocordyceps chinensis).
Moreover, high altitude treeline studies in the Himalayas have investigated coniferous tree species (e.g., Abies, Juniperus, Pinus) and broadleaved evergreen tree species (e.g., Rhododendron) while deciduous tree species (e.g., Betula) have remained
largely out of focus. Presently, only few researchers have addressed the problem of
modelling distribution ranges of deciduous treeline species 1 in the Himalayas,
whereas conducted studies on B. utilis were local studies (e.g., Huo et al., 2010: SW
China; Singh et al., 2013: Indian Himalaya, Uttarakhand; Wang et al., 2017: Tibetan
Plateau).
The genus Betula is known to inhabit a considerably wide ecological niche in the
northern hemisphere and can be found in high altitude and high latitude treeline ecotones (Truong et al., 2007; Holtmeier, 2009; Speed et al., 2011). Alpine treelines with
Betula as conspicuous treeline species can be found in Russia in the Urals ( B. litwinowii; Hansen et al., 2018), in Kamchatka (B. ermanii; Krestov et al., 2008) and in
Japan (B. ermanii, B. platyphylla, B. maximowicziana; Koike et al., 2003; Yasaka,
2005). Our target species, Betula utilis, is widespread in Himalayan alpine treelines
(Schickhoff, 2005; Ashburner & McAllister, 2013), and some authors consider B. utilis
as an indicator species for climate-driven treeline dynamics (e.g., Liang et al., 2014).
B. utilis shows many characteristics of a pioneer species, for instance, a high degree
of adaptability to altered environmental and climatic conditions. B. utilis is able to

For reasons of readability, the terms ‘treeline’ and ‘treeline ecotone’ will be used synonymous in the presented thesis.
1
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rejuvenate readily under changed light and soil conditions, and facilitates natural reforestation processes and forest edge closure, since it promotes humus accumulation
in the course of natural succession.
We selected the treeline-forming species B. utilis as a target species because a) underlying environmental factors of the species distribution have not adequately been
described, and b) improved accuracy in modelling the current distribution is a precondition for more precisely modelling potential range expansions of treelines under
climate change conditions (Schickhoff et al., 2015). The latter applies in particular to
a pioneer species such as B. utilis, characterized by high adaptability to changing environments. To date, modelling the ecological niche of B. utilis covering the entire
Himalayan mountain region has remained a major research deficit.
The following sections deal with the theory behind ecological niche models (Chapter 2) and associated challenges and limitations of these models with regard to modelling species in high-altitude ecosystems (Chapter 3). In Chapter 4 information on
the target species B. utilis is provided. The research objectives of the three articles are
outlined in Chapter 5, followed by the methodological approaches in Chapter 6. The
cumulative PhD thesis is composed of three articles and the respective abstracts can
be found in Chapter 7 (for complete articles please refer to the Appendix section). A
synthesis combining the results and interpretation of the respective articles is provided (Chapter 8), followed by an outlook for future studies. Finally, in Chapter 9 the
conclusion section is presented.
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2. Ecological niche models
Using ecological niche models (ENMs) or species distribution models (SDMs) requires analysing the underlying environmental factors of species distributions, which,
in turn, constitutes a basic requirement for understanding current, past and future
species distribution ranges. Although ENMs and SDMs are used synonymously in
some modelling studies (Peterson & Soberón, 2012), they differ in their approach of
the question to be answered. In contrast to SDMs, which aim to characterise the species’ occupied distribution (sensu stricto), ENMs investigate relationships between
known species occurrences and environmental variables in a particular region of interest (Peterson & Soberón, 2012). Hereinafter, the concept of ENMs is applied.
Initially, the term ‘niche’ was coined by Joseph Grinnell (1917) to refer to the relationship between the ecological properties of a species and its distribution. He described the niche as a region featuring environmental site conditions in which the
species can survive and successfully reproduce (Grinnellian niche). Subsequently,
Charles S. Elton introduced the term ‘niche’ (1927) in a similar sense, but focussing
primarily on the role of the species in a biocoenosis and its biotic interactions (Eltonian niche).
The term ‘ecological niche’ dates back to the definition of G. Evelyn Hutchinson
(1957). Although his concept expands the ideas of Grinnell and Elton, the main difference is that the niche is not a rigid characteristic of the environment, but rather a
characteristic of the species itself.
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Today, the conceptual framework behind ecological niche models (ENMs) is the
conceptual BAM (Biotic-Abiotic-Movement) framework (Soberón & Peterson, 2005;
2011; Soberón & Nakamura, 2009) (Fig. 1). Although this concept is static, it provides
the theoretical background for questions to be answered by means of ENMs. It consists of the region A in geographic space G where abiotically suitable conditions (e.g.,
climate and soils), which secure the species’ survival and growth, can be found (i.e.,
GA the existing fundamental niche). The circle B represents the region where biotic
conditions enable a stable population of the species, attributed to Eltonian factors.
The region M represents geographic regions that have been accessible to dispersal or
colonisation by the species over a certain period of time (Soberón & Nakamura,
2009).
The intersection GO = A ∩ B ∩ M represents the area actually occupied by the species2 (i.e., the occupied or realised niche). GI = A ∩ B ∩ Mc (Mc is the complement of
M) represents a potentially inhabitable area with appropriate abiotic and biotic conditions, but which remains uninhabited (i.e., the invadable niche) (Soberón & Nakamura, 2009). The union of occupied GO and invadable GI can be defined as GP = GO ∪
GI and represents the potential distributional area 3 (i.e., biotically reduced niche)
(Gaston, 2003; Peterson et al., 2011).

For reasons of readability, the term ‘actual distribution’ will be used when referring to the area that the
species actually inhabits.
3
For reasons of readability, the term ‘potential distribution’ will be used when referring to area that the species can potentially inhabit.
2
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Fig. 1: Overview of niche concepts. Grinnellian niche: A represents all abiotic factors
(e.g., climate and soils) determining the species occurrences; Eltonian niche: B represents all biotic factors (e.g., interactions and competition) determining the species occurrences; Hutchinsonian niche: A represents all abiotic factors limiting the species
presence (fundamental niche), B represents all biotic interactions limiting the species
presence and the intersection of A and B (hatched) represents the realised niche; Soberón and Peterson framework: BAM diagram consisting of B (biotic), A (abiotic) and
M (movement) factors in G (geographic space) at time t. GA represents abiotically suitable conditions (i.e., the fundamental niche). The intersections of A and B, GI (hatched)
represents the invadable distributional area, whereas only a small proportion, the intersecting area with M, GO (checkered) represents the occupied distributional area
(i.e., the realised niche) due to movement limitations (e.g., dispersal strategies or barriers). The union of GO and GI represents the potentially distributional area GP (i.e.,
biotically reduced niche) of the species (bold line). Concept is based on Peterson et al.
(2011) and modified after Escobar and Craft (2016).
In order to describe the species distributions statistically, mechanistic and correlative model approaches are frequently used. In the mechanistic approach, the geographic expression of the species fundamental niche A is defined using physiological
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experiments or physical modelling of responses of individuals to temperature, humidity and other physical parameters without consideration of B or M (Sóberon and Peterson, 2005). The correlative approach defines habitats correlatively (Kearney,
2006). Here the underlying concept is the assumption that the current distribution of
the species serves as an effective indicator of ecological requirements (Kearney & Porter, 2009). Correlative model outputs express less than the full fundamental niche A,
since effects of B and M are frequently not distinguishable (Peterson et al., 2015). This
presumed disadvantage constitutes an advantage at the same time, because effects of
numerous causal factors can be incorporated in a single model (Peterson et al., 2015).
The basic principle of modelling ecological niches refers back to the Hutchinson’s
Duality (Colwell & Rangel 2009), which encompasses the complex linkage of niches
(environmental space: EA, EO, EI, or EP) and spatial distributions (geographic space:
GA, GO, GI, or GP) (Peterson et al., 2011). The species distribution is modelled using
abiotic and/or biotic variables with the aim of characterising suitable habitat conditions of the targeted species in accordance with the respective research question.
In the following the workflow of ENMs after Hirzel et al. (2002) and Peterson et al.,
(2011) is summarized (Fig. 2).
In step 1 two types of input data are required: occurrence data and environmental
variables. The general approach is to link species occurrences with climatic and topographic variables to estimate the species distribution range, since habitat suitability
is considerably influenced by the prevailing climate (Pearson & Dawson, 2003). The
study area is represented by raster grids with an extent G and specific grid cell size
and the dependent variable is the distribution of the species (GO, GP, or GA), concluded
on occurrence records and absences Gdata (Peterson et al., 2011).
In step 2 input variables are compiled to characterize each cell of the study area in
environmental space E. With a model algorithm the function μ(Gdata, E) is generated,
that characterizes the distribution of the species in terms of the environmental variables, to indicate the degree to which each cell in G is suitable for the species. Calibrating the model ensures that the algorithm provides valid results (Peterson et al., 2011).
Step 3 finally comprises the mapping of the prediction in G and the evaluation of
prediction accuracy on independent data. Depending on the ability of input variables
to depict ecological reality (i.e., configuration of the BAM diagram), model results map
GA (abiotically suitable area), GP (potentially occupied area) or even GO (occupied distributional area) (Peterson et al., 2011). In order to interpret model predictions, predictive performance must be evaluated. Ideally, data used for evaluation would be collected independently, however, data-split approaches are usually applied to generate
subsets for calibrating (training) and evaluation (testing) the model (Peterson et al.,
2011).
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Step 4 is optional and refers back to the research question, whether modelled niche
conditions are intended to be predicted across space and time. In contrast to SDMs,
ENMs can be projected in geographic space and time, identifying consistent areas with
suitable environmental conditions for the species and assessing distributional
changes under climate change (Araújo & Guisan, 2006; Peterson & Soberón, 2012).

Fig. 2: Workflow of ecological niche models. Ecological niche models consist of 4 steps:
1) input data in geographical space, 2) modelling in environmental space, 3) model
evaluation and model prediction in geographic space and 4) model transferability
across geographic space or time (concept based on Peterson et al., 2011).
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3. Challenges and limitations of ecological niche models
During recent decades, ENMs have become an integral part of biogeography, ecology,
evolution and conservation biology. In order to ensure that model results are processed correctly, it is worth noting that within the workflow of modelling species’
niches, every step may be afflicted with errors and deficiencies. Investigations include
quality and quantity of input data (Franklin, 2009), spatial structure of occurrence
data (Araújo & Guisan, 2006; Loiselle et al., 2008, Naimi et al., 2013), choice of modelling algorithm (Elith et al., 2006; Aráujo & New, 2007), multi-collinearity and spatial
autocorrelation of predictors (Dirnböck & Dullinger, 2004; Dormann et al., 2007,
2013; Braunisch et al., 2013). Although extensive care is taken in selecting uncorrelated predictor variables, differences in model performance arising from available climate datasets remain largely out of focus in most studies.
The following chapter seeks to summarise challenges and limitations of ENMs in
remote high altitude regions.
In order to investigate high altitude treeline dynamics, modelling techniques have
become an indispensable method to predict species distributions under current climate conditions, to hindcast distributions under past climate conditions and to forecast changed distributional ranges under future climate scenarios (e.g., Dullinger et
al., 2004; Thuiller et al., 2005; Parolo et al., 2008, Schorr et al., 2012). Inherently, the
accuracy of models under climate change scenarios depends on their accuracy under
current climate conditions, the importance of which should not be underestimated.
Modelling ecological niches across vast distribution ranges in remote, high mountain regions like the Himalayas remains a challenging task. Challenges include, first
and foremost, the lack of species occurrence data and fine-scale environmental information of sufficiently high quality (i.e., environmental variables).
In many cases, presence-absence data are not available, and presence-only data are
often derived from databases of natural history museums and herbaria, which contain
occurrences sampled by numerous researchers and with different techniques, intensities and periods of time (Soberón & Peterson, 2004). Moreover, sampling records
often cluster near the centre of climatic conditions under which the species occurs
(Loiselle et al., 2008). This leads to species documentations that do not cover the entire range of suitable habitat conditions for respective species. Such geographic sampling bias can lead to sampling bias in environmental space, which represents a major
problem for modelling (Veloz, 2009; Anderson & Gonzalez, 2011). This holds particularly true for sampling treeline species in remote areas like the Himalayan region.
Due to lower accessibility of treeline sites, the number of available sampling plots is
sparse, which demonstrates a reciprocal effect on prediction performance (Aráujo et
al., 2005).
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This also applies for environmental variables, as most modelling studies use climatic variables for predicting the distribution range of the species. In topo-graphically complex areas like the Himalayas, climate stations are quite rare due to rough
terrain and complicated accessibility. This in turn leads to a poor data basis for calculating climate datasets compared to other more accessible terrains. In addition, climate stations are prevailingly located near settlements at lower elevations, where climatic conditions are most suitable for habitation, livestock farming and agriculture.
Those climate stations are not representative of climatic conditions at higher elevations. Besides the data basis, the calculation method and bias correction also influences the quality of climate datasets.
The choice of environmental variables used to model species distributions may result in different distribution maps for the same species (Luoto et al., 2007). If important local abiotic or biotic factors that influence the actual species’ distribution
(i.e., the realised niche) are disregarded, predictions will represent the potential distribution (i.e., the existing fundamental niche), since climate is not the exclusive factor
determining habitat suitability (Thuiller, 2004). This will gain extraordinary importance, since an improved understanding and modelling capacity of the current distribution constitutes a precondition for modelling treeline dynamics under climate
change scenarios.
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4. Target species
The distribution range of the Himalayan birch (Betula utilis) extends across the Himalayan range from Afghanistan to southwest China, with the total elevational range
extending from 2700 to 4500 m (Polunin & Stainton, 1984). B. utilis was selected as a
study species due to its status as a principal broadleaved treeline species in the western and central Himalayan ranges (Fig. 3). This species primarily grows in shady locations on north-facing slopes. In the northwest Himalayas, B. utilis is widely distributed in the elevational range between 3100 and 3700 m, while the range shifts to
higher altitudes towards the east Himalayas (mainly between 3800 and 4300 m). A
higher dominance can be found in the western and central part of the mountain system. Over much of its range, B. utilis forms a narrow forest belt between evergreen
coniferous forests (e.g., Abies spectabilis) below and an evergreen broadleaved
krummholz belt (e.g., Rhododendron campanulatum) above (Schickhoff, 2005; Miehe
et al., 2015a). Pure birch stands with Rhododendron campanulatum and Sorbus microphylla in the understory are often found at the uppermost limit of subalpine forests (Schickhoff et al., 2015).

Fig. 3: Photographs of Betula treelines at 3900 m, Manang, Annapurna, Nepal (Schickhoff, 2013).
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5. Study objectives
The number of ecological modelling studies in the Himalayas is very limited, even
more so the number of studies modelling deciduous treeline species like Betula utilis
(Huo et al., 2010; Singh et al., 2013; Wang et al., 2017). Previous work on B. utilis has
focused primarily on dendroecology (Bhattacharyya et al., 2006; Tenca & Carrer,
2010, Dawadi et al., 2013; Gaire et al., 2013; Liang et al., 2014), remote sensing (Singh
et al., 2012, 2013; Rai et al., 2013), plant physiology (Xu et al., 2012; Shi et al., 2008)
and regeneration (Shrestha et al., 2007).
Since modelling the potential distribution of B. utilis and investigating the underlying climatic determinants still represents a major research deficit, one objective of
Article I was to model the potential distribution of B. utilis in the subalpine and alpine
treeline ecotone of the Himalayas on a broad scale. We aimed at identifying key climatic constraints for the current distribution of B. utilis, with a special focus on the
climatic variables’ ability to reflect the climatic gradient from more continental western to more oceanic eastern regions of the Himalayan mountain range. Furthermore,
the accuracy of the models was evaluated and the current model prediction compared
to the distribution range delineated in the detailed vegetation map of Schweinfurth
(1957). The Schweinfurth map summarises the 1950s’ state of knowledge of Himalayan vegetation distribution. It is based on an extensive literature survey, and despite
including some ‘white patches’, it is still the most detailed vegetation map of the entire
Himalayan region. The following were the questions that Article I strives to answer:

 What are key climatic constraints for the current distribution of B. utilis in the
Himalayan region?
 Are there differences between the current model predictions and the distribution range delineated in the detailed vegetation map of Schweinfurth (1957)?

Since underlying climatic determinants may be afflicted with errors, we compared
two freely available climate datasets, namely, CHELSA (Karger et al., 2016) and WORLDCLIM (Hijmans et al., 2005), and evaluated the performance of ENMs (Article II). In
contrast to multi-collinearity and spatial autocorrelation of predictors (Dirnböck &
Dullinger, 2004; Dormann et al., 2007, 2013; Braunisch et al., 2013), differences in
model performance arising from available climate datasets has remained largely out
of focus in most studies (Soria-Auza et al., 2010). Comparative studies that evaluate
the performance of ENMs using different global climate datasets for modelling the potential distribution of Himalayan treeline tree species or other Himalayan vascular
plant species do not exist. We compared input parameters and statistical computations methods (i.e., quasi-mechanistical statistical downscaling and interpolation) of
the climate datasets with regard to temperature- and precipitation-related variables.
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Furthermore, we investigated whether the two climate datasets showed discrepancies in model predictions. Additionally, we emphasized prior modelling examination
of input climate predictor datasets when modelling ecological niches of species in remote, high altitude regions. The following were the questions that Article II strives to
answer:
 How do input parameters and computation methods of the climate datasets
(CHELSA and WORLDCLIM) influence derived climatic variables in vast mountain
systems like the Himalayas?
 Are there discrepancies in the prediction of the two climate datasets (CHELSA and
WORLDCLIM) when modelling the potential distribution of B. utilis under current
climate conditions?

Modelling ecological niches and species distributions in remote, high mountain regions like the Himalayas constitutes a challenging task. Current studies in the field of
plant distribution modelling in the Himalayan Mountains primarily use climatic variables to predict species distribution or to forecast species range shifts under climate
change scenarios (e.g., Menon et al., 2010, 2012; Kumar, 2012; Jaryan et al., 2013;
Singh et al., 2013; Gajurel et al., 2014; Ranjitkar et al., 2014; Shrestha & Bawa, 2014;
Schickhoff et al., 2015; Manish et al., 2016). Although reasonable results were obtained using solely climate for predicting the potential distribution of B. utilis (Articles
I and II), the necessity arose for approximating the actual distribution of B. utilis.
Therefore, in Article III, different remotely sensed variables were incorporated into
the modelling approach, and we evaluated possible improvement to the niche model
of B. utilis based solely on bioclimatic variables. In this pioneering study, we aimed to
bridge the gap between the potential and actual distributions of B. utilis for the entire
Himalayan mountain system. Furthermore, the potential of a pure remote sensing approach by substituting the modelled bioclimatic variables with remotely sensed land
surface temperature data was also explored. The following were the questions that
Article III strives to answer:

 To what extent can niche models built solely on bioclimatic predictor variables
be improved by adding different remotely sensed predictor variables?
 What is the potential of a purely remote sensing-based approach when modelling the ecological niche of B. utilis?
 Which variable combinations explain the current distribution of B. utilis in the
Himalayan region?
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In particular, we investigated the suitability of various predictor sets, including
modelled bioclimatic variables (Chelsa; Karger et al., 2016), remotely sensed topography (USGS, 2004), remotely sensed phenological traits derived from MODIS Land
Cover Dynamics data (LP DAAC, 2012), remotely sensed annual cycle parameters derived from MODIS Land Surface Temperature data (Bechtel, 2015) and their combinations.
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6. Modelling the ecological niche of Betula utilis – a methodological overview
Modelling ecological niches of species contributes to understanding the ecology of
species in their habitats. This concept is based on species occurrences and underlying
factors characterising the habitat at different spatial and temporal scales. The results
constitute a basic requirement for understanding current, past and future species distribution ranges. Since high mountain environments are subjected to above-average
warming rates, shifts in the environmental niches of alpine treeline species under future climate change scenarios are of particular interest. The models’ accuracy under
climate change scenarios (i.e., the species’ response to changing climate conditions)
depends on the accuracy of models of the current environmental niche of the species.
In Article I we investigated the underlying climatic factors for the current distribution
of Betula utilis and compared differences in model accuracy of two different climatic
input data sets (Article II).
It emerges that most studies focus on modelling the potential distribution of the
species where favourable abiotic conditions can be found (Araújo & Guisan, 2006).
Theoretically, species ranges in geographic space closely coincide with the species
niche in environmental space, which can be attributed to prevailing environmental
conditions under which the species can occur (Hutchinson, 1978). As these models
are based on the theoretical assumption of an equilibrium between the distribution
of the species and the prevailing environmental conditions. Resulting distributional
ranges may be over- or underestimated, because climate is not the exclusive factor
determining habitat suitability (Araújo & Pearson, 2005). Such models may differ considerably from the actual distribution, and special care should be taken to interpret
the modelling results. As previously mentioned, modelling species’ distributions in
high altitude regions faces numerous challenges. The most important constraint is
that data availability is often sparse due to poor terrain accessibility. Therefore the
aim of Article III was to elucidate the potential of additional remotely sensed data (i.e.,
topography and phenological traits) for modelling the actual distribution of the focal
species under current climatic conditions.
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6.1

Study area

The Himalayan mountain range is located between the Indian subcontinent in the
south and the Tibetan Highland in the north, and it extends from Afghanistan in the
northwest (c. 36°N and 70°E) to Yunnan in the southeast (c. 26°N and 100°E). It is a
vast mountain region covering an area of more than 1.000.000 km2, with a length of
c. 3000 km (Pakistan to SW China) and a maximum width of 400 km (Zurick &
Pacheco, 2006).
The Himalayan Mountains show a distinct three-dimensional geoecological differentiation, with a high variation of climate, rainfall, altitude and soils (Troll, 1972; Zurick & Pacheco, 2006; Miehe et al., 2015b). Generally, the macroclimate is under influence of the monsoon, whereas at local and regional scales complex pattern of climatic,
edaphic and biotic site conditions can be found (Schickhoff, 2005). The climate ranges
from tropical in the Indian lowlands to permanent ice and snow at the highest elevations, and from more continental in the northwest to more oceanic in the southeast
(Fig. 4).
As the climate primarily influences the position of the treeline, treeline elevation
becomes evident along two gradients (Schickhoff, 2005). A NW-SE gradient relates to
higher temperature sums at the same elevational level, whereas mean temperatures
of the warmest month are higher at treelines in the northwestern part. Nevertheless,
treelines in the NW are situated at lower elevations, due to a higher degree of continentality, because extreme winter cold, later snow melt, and shorter growing seasons
overcompensate the advantage of higher summer temperatures (Schickhoff, 2005). A
peripheral-central gradient ranging from the Himalayan south slope to the Great Himalayan range and the Tibetan plateau also relates to higher temperature sums. Increasing elevation of the treeline along this gradient is attributed to effects of continentality and mass-elevation (Schickhoff, 2005).
The amount of annual precipitation increases with increasing monsoonal influence
from NW to SE along the southern front of the range (Schickhoff, 2005; Böhner et al.,
2015) (Fig. 4). The small-scale heterogeneity of habitats and site conditions supports
a high level of diversity of species and communities.
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Fig. 4: Mean annual temperature and annual precipitation sums derived from CHELSA,
Karger et al. (2016).

6.2

Species data collection

Currently, modelling studies are often based on presence-only species occurrence
data instead of presence-absence data, which always constitute a source of uncertainty. Sometimes, areas have been unequally sampled or occurrence data have been
inaccurately geo-referenced, resulting in occurrences of species with sampling bias.
Such geographic sampling bias can lead to sampling bias in environmental space,
which represents a major problem for modelling (Veloz, 2009; for the effects of sampling bias on model evaluation: Anderson & Gonzalez, 2011).
To avoid these pitfalls, presence-only occurrence data of B. utilis was gathered
from three different sources. A total of 827 records were extracted from freely available satellite images (GoogleEarthTM, ver. 7.1.1.1888, Google, 2015). Extractions from
GoogleEarth have been demonstrated to be valuable in global treeline research
(Paulsen and Körner, 2014; Irl et al., 2016). These occurrence localities were validated through expert knowledge, obtained from numerous field visits in the Himalayan Mountains. Additionally, 215 geo-referenced records (1980–2016) were accessed via the Global Biodiversity Information Facility (gbif.org). Further, 202 records
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were added from a database compiled from a literature survey (Schickhoff, 2005; unpublished data).
Lowermost occurrences (e.g., in avalanche paths) were removed, since they do not
represent the ‘zonal’ climatic conditions of the treeline birch belt. To reduce sampling
bias and spatial auto-correlation, we kept only one occurrence point per grid cell (i.e.,
1 x 1 km), resulting in 590 occurrences (Article I and II) and 1041 occurrences (Article III) for modelling the current distribution of B. utilis (Fig. 5). To the knowledge of
the authors, the compiled occurrence dataset of B. utilis is the most comprehensive
dataset available.

Fig. 5: Occurrences of Betula utilis along the Himalayan arc
(Article I and II N= 590; Article III N= 1041).
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6.3

Environmental predictors

As previously mentioned performance of different predictor variable sets for modelling the ecological niche of B. utilis was evaluated. Although the predictor variable sets
are described in detail in the three articles, a short overview is provided here.
Generally, all environmental predictors had a spatial resolution of 1 x 1 km and
were long-time (climate) datasets. Based on gridded monthly fields of temperature
and precipitation, 19 bioclimatic variables were generated, which are widely used in
ecological niche modelling and represent annual characteristics (Hijmans et al.,
2005). In addition, the average precipitation of May and of March, April and May were
calculated in order to account for potential pre-monsoon drought stress (Liang et al.,
2014; Schickhoff et al., 2015, 2016).
Environmental predictors were chosen to reflect the species’ physiological needs.
We checked for multi-collinearity among the predictor variables using Spearman’s
rank correlation, since high collinearity might lead to low model performance and
wrong interpretations (Dormann et al., 2013). Only ecologically meaningful variables
representing general patterns and annual variability were included for modelling the
potential distribution of B. utilis (Table 1).
For Articles I and II, five climatic variables were included out of 24 potential predictor variables. For Article III, five climatic variables, two topographic variables, four
land cover metrics and four land surface temperature variables were selected out of
40 potential predictor variables.
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Table 1: Overview of the environmental predictor variables used for modelling the ecological niche of Betula utilis, for all three articles
respectively.
Article I
Input set
Bioclimatic
variables

Topography
MODIS
Land Cover
Dynamics

MODIS

Label
bio7
bio8
bio15
bio19
prec_mam
Northness
Slope
Green_Inc
Green_Max
Green_Dec
EVI_Area
Dym_QC
MAST

Land Surface YAST
Temperature THETA
RMSE
NCSA

Variable
Temperature Annual Range (bio5-bio6)
Mean Temperature of Wettest Quarter
Precipitation Seasonality (Coefficient of Variation)
Precipitation of Coldest Quarter
Average Precipitation March, April, May
Northness
Slope angle
Onset Greenness Increase
Onset Greenness Maximum
Onset Greenness Decrease
NBAR EVI Area
Dynamics QC
Mean annual land surface temperature
Mean annual amplitude of land surface temperature
Phase shift relative to spring equinox on the Northern hemisphere
Inter-diurnal and inter-annual variability
(Root Mean Squared Error of fit)
Number of clear-sky acquisitions

X
X
X
X
X

Article II
CHELSA
X
X
X
X
X

Article III
WORLDCLIM
X
X
X
X
X

X
X
X
X
X
X
X
X
X
X
X
X
X
X
X
X
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In Article I, we merged two climate datasets (one for temperature and one for precipitation, respectively), explicitly accounting for important topo-climatic processes,
in order to examine the underlying factors and model the ecological niche of B. utilis.
The monthly mean temperature data were derived from ERA-interim reanalysis
(Gerlitz et al., 2014), and the monthly precipitation sums were downloaded freely
from the Chelsa climate dataset (Karger et al., 2016) (Fig. 6). Furthermore, a digital
elevation model was extracted from GLOBE (ngdc.noaa.gov; Global Land One-Kilometer Base Elevation).

Fig. 6: Bioclimatic variables for modelling the ecological niche of Betula utilis in Article
I (temperature-related variables obtained from Gerlitz et al. (2014) and precipitationrelated variables obtained from CHELSA, Karger et al. (2016)).

In Article II, we evaluated the performance of two climate datasets, namely, CHELSA
climate dataset (Karger et al., 2016) and WORLDCLIM climate dataset (Hijmans et al.,
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2005). We compared the variables identified in Article I (Fig. 7) for modelling the potential distribution of B. utilis at the same spatial and temporal scales. Whereas
WORLDCLIM consists of interpolated climate data, CHELSA climate data are based on a
quasi-mechanistical statistical downscaling of the ERA-interim global circulation
model with Global Precipitation Climatology Centre (GPCC) and Global Historical Climatology Network (GHCN) bias correction (for details, see Karger et al., 2016).
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Fig. 7: Comparison of climatic variables for modelling the ecological niche of Betula
utilis in Article II (derived from CHELSA (Karger et al., 2016) and WORLCLIM (Hijmans
et al., 2005) climate datasets, respectively).
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In Article III, we investigated the potential of combining climate data with remotely
sensed data to bridge the gap between the potential and actual distribution of B. utilis.
To this end, we evaluated 1) a quasi-mechanistical statistically downscaled Chelsa CLIMATE dataset (Karger et al., 2016), 2) topographical variables based on a remotely
sensed Digital Elevation Model (TOPO) (USGS, 2004), 3) phenological traits derived
from MODIS Land Cover Dynamics data (PHENO) (LP DAAC, 2012), and 4) annual cycle
parameters derived from MODIS Land Surface Temperature data (LST) (Bechtel,
2015). To test the potential of surface temperature in order to substitute downscaled
climate data, predictor sets TOPO and PHENO were combined with either CLIMATE or LST
(Fig. 8).

Fig. 8: Overview of the predictor sets used in the modelling procedure for estimating
the ecological niche of Betula utilis in Article III.
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6.4

Modelling procedure

Similar statistical analyses were used for all three articles in order to ensure comparability between the approaches. In all articles, Generalized Linear Models (GLMs)
were applied since they represent a classical and robust approach to analyse presence
and absence data (Nelder & Wedderburn, 1972; McCullagh & Nelder, 1989). The main
advantages of GLMs over more complex machine-learning algorithms (e.g., random
forest) are that they are easily interpretable and not ‘black box’ predictions. We calculated GLMs with binomial distribution, logit-link function and polynomial terms of
second order (Austin, 1999), but did not include interaction terms among predictor
variables. Prior to the modelling, step-wise variable selection in both directions (i.e.,
forward and backward) was applied using the Akaike Information Criterion (AIC)
(Akaike, 1974), resulting in the model possessing the lowest AIC value (Burnham &
Anderson, 2002; Guisan et al., 2002).
As GLMs require presence and absence points, pseudo-absence points were generated. For study area selection, we utilised a convex hull, covering the full extent of the
known occurrences of B. utilis distribution in the Himalayan region. By limiting the
study area, large regions where the species cannot occur were excluded in further
statistical analyses, so as to prevent overpredicting the distribution range of the species (VanderWal et al., 2009). For random selection of pseudo-absences, the limits
were set as 5 km from the nearest occurrence, resulting in a total of 6.000 (Articles I
and II) and 10.000 (Article II) pseudo-absences (following the pseudo-absence selection procedure for GLMs described by Barbet-Massin et al., 2012).
For model validation, all presence and pseudo-absence points were split into training and testing data samples with a ratio of 80:20 % using random sample splitting
(Kuhn & Johnson, 2013). For each predictor variable set, we repeated this procedure
five times, resulting in five versions of the model and accuracy metrics, which were
finally averaged. Due to the lack of a universally valid model evaluation measurement,
we applied several performance evaluation metrics. In order to assure comparability
between the three articles, calculated evaluation measures included, among others,
explained variance of the test dataset, threshold-independent AUC (Area Under the
Curve) and threshold-dependent measures TSS (True Skill Statistics). Moreover, visual inspection of the predictions’ spatial patterns was also conducted, since evaluation parameters may perform well in the model’s environmental space, but not in geographic space.
We calculated variable importance in order to evaluate variable contribution in the
final models for each predictor variable set in the respective articles.
All statistical analyses were performed using the programming language R (R Core
Team, 2015, version: 3.1.3), and maps were produced using ArcGIS (Version 10.1; Esri
Inc. Redlands, CA, USA).
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Overview of original publications
7. Overview of original publications
7.1

Article I

Bobrowski, M.; Gerlitz, L.; Schickhoff, U. (2017) Modelling the potential distribution
of Betula utilis in the Himalaya. Global Ecology and Conservation. 11, 69-83. doi:
10.1016/j.gecco.2017.04.003.
Abstract: Developing sustainable adaptation pathways under climate change conditions in mountain regions requires accurate predictions of treeline shifts and future
distribution ranges of treeline species. Here, we model for the first time the potential
distribution of Betula utilis, a principal Himalayan treeline species, to provide a basis
for the analysis of future range shifts. Our target species Betula utilis is widespread at
alpine treelines in the Himalayan mountains, the distribution range extends across
the Himalayan mountain range. Our objective is to model the potential distribution of
B. utilis in relation to current climate conditions. We generated a data set of 590 occurrence records and used 24 variables for ecological niche modelling. We calibrated
generalized linear models using the Akaike Information Criterion (AIC) and evaluated
model performance using threshold-independent the Area Under the Curve (AUC),
and threshold-dependent (TSS, True Skill Statistics) characteristics as well as visual
assessments of projected distribution maps. We found two temperature-related
(Mean Temperature of the Wettest Quarter, Temperature Annual Range) and three
precipitation-related variables (Precipitation of the Coldest Quarter, Average Precipitation of March, April and May and Precipitation Seasonality) to be useful for predicting the potential distribution of B. utilis. All models had high predictive power (AUC
≥ 0.98 and TSS ≥ 0.89). The projected suitable area in the Himalayan mountains varies considerably, with most extensive distribution in the western and central Himalayan region. A substantial difference between potential and real distribution in the
eastern Himalaya points to decreasing competitiveness of B. utilis under more oceanic
conditions in the eastern part of the mountain system. A comparison between the vegetation map of Schweinfurth (1957) and our current predictions suggests that B. utilis
does not reach the upper elevational limit in vast areas of its potential distribution
range due to anthropogenically caused treeline depressions. This study underlines
the significance of accuracies of current environmental niche models for species distribution modelling under climate change scenarios. Analysing and understanding the
environmental factors driving the current distribution of B. utilis is crucial for the prediction of future range shifts of B. utilis and other treeline species, and for deriving
appropriate climate change adaptation strategies.
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Maria Bobrowski:
Lars Gerlitz:
Udo Schickhoff:
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Study design, climate data compilation, data analysis, modelling, writing and editing
Climate data compilation, discussion on interpretation of
the results
Species occurrence data compilation, discussion on interpretation of the results and editing

Overview of original publications
7.2

Article II

Bobrowski, M.; Schickhoff, U. (2017) Why input matters: Selection of climate data sets
for modelling the potential distribution of a treeline species in the Himalayan region. Ecological Modelling. 359, 92-102. doi: 10.1016/j.ecolmodel.2017.05.021.
Abstract: Betula utilis is a major constituent of alpine treeline ecotones in the western
and central Himalayan region. The objective of this study is to analyse for the first
time the performance of different climatic predictors in modelling the potential distribution of B. utilis in the subalpine and alpine belts of the Himalayan region. Using
generalized linear models (GLM) we aim at examining climatic factors controlling the
species distribution under current climate conditions. We evaluate the predictive
ability of climate data derived from different statistical methods GLMs were created
using least correlated bioclimatic variables derived from two different climate data
sets: 1) interpolated climate data (i.e., WORLDCLIM; Hijmans et al., 2005), and 2) quasimechanistical statistical downscaling (i.e., CHELSA; Karger et al., 2016). Model accuracy was evaluated using threshold-independent (Area Under the Curve) and threshold-dependent (True Skill Statistics) measures. Although there were no significant
differences between the models in AUC, we found highly significant differences (p ≤
0.01) in TSS. We conclude that models based on variables of CHELSA climate data had
higher predictive power, whereas models using WORLDCLIM climate data consistently
overpredicted the potential suitable habitat for B. utilis. Although climatic variables
of WORLDCLIM are widely used in modelling species distribution, our results suggest to
treat them with caution when topographically complex regions like the Himalaya are
in focus. Unmindful usage of climatic variables for environmental niche models potentially causes misleading projections.

Maria Bobrowski:
Udo Schickhoff:

Study design, climate data compilation, data analysis, modelling, writing and editing
Discussion on interpretation of the results and editing
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7.3

Article III

Bobrowski, M.; Bechtel, B.; Böhner, J.; Oldeland, J.; Weidinger, J.; Schickhoff, U. (2018)
Application of thermal and phenological land surface parameters for improving ecological niche models of Betula utilis in the Himalayan region. Remote Sensing. 10, 814;
doi:10.3390/rs10060814.

Abstract: Modelling ecological niches across vast distribution ranges in remote, high
mountain regions like the Himalayas faces several data limitations, in particular nonavailability of species occurrence data and fine-scale environmental information of
sufficiently high quality. Remotely sensed data provide key advantages such as frequent, complete, and long-term observations of land surface parameters with full spatial coverage. The objective of this study is to evaluate modelled climate data as well
as remotely sensed data for modelling the ecological niche of Betula utilis in the subalpine and alpine belts of the Himalayan region covering the entire Himalayan arc.
Using generalized linear models (GLMs), we aim at testing factors controlling the species distribution under current climate conditions. We evaluate the additional predictive capacity of remotely sensed variables, namely remotely sensed topography and
vegetation phenology data (phenological traits), as well as the capability to substitute
bioclimatic variables from downscaled numerical models by remotely sensed annual
land surface temperature parameters. The best performing model utilized bioclimatic
variables, topography, and phenological traits, and explained over 69% of variance,
while models exclusively based on remotely sensed data reached 65% of explained
variance. In summary, models based on bioclimatic variables and topography combined with phenological traits led to a refined prediction of the current niche of B.
utilis, whereas models using solely climate data consistently resulted in overpredictions. Our results suggest that remotely sensed phenological traits can be applied beneficially as supplements to improve model accuracy and to refine the prediction of the
species niche. We conclude that the combination of remotely sensed land surface temperature parameters is promising, in particular in regions where sufficient fine-scale
climate data are not available.
Maria Bobrowski:

Study design, climate data compilation, data analysis, modelling, writing and editing
Benjamin Bechtel:
Land Surface Temperature data compilation, discussion on
model outputs, interpretation and editing
Jürgen Böhner:
Editing
Jens Oldeland:
Editing and statistical advise
Johannes Weidinger: Modis Land Cover data compilation
Udo Schickhoff:
Discussion on interpretation of the results and editing
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8. Synthesis
The presented PhD thesis consists of three articles modelling the ecological niche of
Betula utilis in the Himalayan region. Article I aims at identifying the underlying factors influencing the current potential distribution of B. utilis, whereas Article II evaluates the performance of two different climate datasets when modelling the potential
distribution of B. utilis. In Article III, the synergistic combination of modelled climate
data and remotely sensed data were investigated for bridging the gap between the
potential and actual distribution of B. utilis. Additionally, the potential of a purely remotely sensed approach was studied. In the following section, the key findings are
briefly summarized on the basis of the articles and according to the initial research
questions.
Furthermore, in this section, the results of the three articles are subsequently discussed in light of existing challenges for modelling ecological niches in high altitude
regions. The new findings are embedded in the context of current and future treeline
research. Finally, limitations of the applied modelling approach are considered, along
with how the application of remotely sensed data may be beneficially incorporated
into further studies on modelling treeline species and treeline dynamics under future
climate change.

8.1

Modelling the potential distribution of Betula utilis in the Himalayan region

The potential distribution of B. utilis under current climate conditions was modelled
and thermal and precipitation-related factors as predictive variables identified. The
calculation of explained variance revealed that the model explained 77 % of the variance in the test dataset. Although the distribution range matches the distributional
patterns of several vegetation maps (Troll, 1939; Schweinfurth, 1957; Miehe, 1991;
Schickhoff, 1994; Braun, 1996; Nüsser & Dickoré, 2002; Eberhardt et al., 2007), the
distribution in the eastern Himalayas was overestimated. Given the respective climatically and topographically complex terrain, models based on climate variables alone
predict only the potential distribution of species, since land cover characteristics are
omitted. However, to estimate the actual distribution of species, other variables need
to be incorporated (e.g., species’ ecology data and biotic interactions) into the model.
Nevertheless, this study investigated climatic conditions in treeline ecotones, and the
results provide insights into underlying climatic factors and may serve as a baseline
for altitudinal treeline shifts under future climate conditions.
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What are key climatic constraints for the current distribution of B. utilis in the Himalayan region?
We found Mean Temperature of the Wettest Quarter, Temperature Annual Range,
Precipitation of the Coldest Quarter, Average Precipitation of March, April and May,
and Precipitation Seasonality to be important for modelling the potential distribution
of B. utilis. Generally, the position of treelines is controlled by low temperatures during the growing season, which our models confirmed, as Mean Temperature of the
Wettest Quarter was most influential. Due to the climatic gradient in the Himalayan
Mountains ranging from more maritime in the East to more continental in the West,
the position of the treeline and the composition of treeline species varies. The higher
degree of maritime climate in the Eastern Himalayas lowers the competitive capacity
of B. utilis and favours the competitiveness of Rhododendron spp. in subalpine forests
and at treelines (Schickhoff, 2005).
Furthermore, the importance of Precipitation of the Coldest Quarter was also highlighted, since precipitation-related variables potentially limit the climatic space of
treeline tree species. Winter precipitation in the form of snow represents the annual
second precipitation maximum in high elevation areas of the Himalayan mountain
system (Böhner et al., 2015). Higher winter snowfall in the western Himalaya favours
B. utilis occurrences compared to eastern Himalayas. The importance of snowpack as
a site factor was already stressed by Schweinfurth (1957), Champion and Seth
(1968), Stainton (1972), Herzhoff and Schnitzler (1981), Puri et al. (1989), Schickhoff
(1993), Dickoré and Nüsser (2000), and Eberhardt (2004). A higher preoccupation of
the potential distribution range of B. utilis is linked to a higher proportion of winter
snowfall.

Are there differences between the current model predictions and the distribution range
delineated in the detailed vegetation map of Schweinfurth (1957)?
The comparison between the prediction and the Schweinfurth map (Schweinfurth,
1957) revealed remarkable differences, especially in the central part of the Himalayan
Mountains (Fig. 9). Although some inaccuracies in the Schweinfurth map cannot be
ruled out, the differences in the distributional ranges are most likely related to anthropogenic land use effects. The vast majority of Himalayan treelines are considered
to be anthropogenic due to animal husbandry, timber logging and fuelwood collection
(Schickhoff et al., 2015). The main agents lowering treelines have been overgrazing
and fire, and treeline depressions on north-facing slopes can be up to 300 m (Schickhoff, 1995; Beug & Miehe, 1999). The difference between the modelled distribution
range and the Schweinfurth map occurrence of B. utilis reflects large-scale, long-term
anthropogenic interferences in Himalayan treeline landscapes. Even if the effects of
climate warming trigger upslope shifts of B. utilis in coming decades (Schickhoff et al.,
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2015), this might be primarily attributed to the cessation of land use. The few remaining near-natural krummholz treelines in the Himalayas can be regarded as still relatively unresponsive to climate warming, suggesting treeline advance to higher elevation to be a medium- to long-term process (Schickhoff et al., 2016a; Schwab et al.,
2016).

Fig. 9: Geographic extent of regions predicted as the potential distribution of Betula
utilis (green) thresholded at True Skill Statistics (TSS ≥ 0.89) and the distribution of
B. utilis according to the Schweinfurth vegetation map (red) (Schweinfurth, 1957).

8.2

Selection of climate datasets for modelling the potential distribution of a Betula utilis in the Himalayan region

Modelling species distribution in high altitude regions faces challenges due to limited
data availability, which especially holds true for high quality climate data. Biased climate data can lead to distorted models (Heikkinen et al., 2006), affecting accuracy
when modelling potential range expansions of treeline trees under climate change
conditions. Global climate datasets should not be used to model ecological niches
without critically scrutinising the origin of climate data and the computation method
of the climate dataset, and without being aware of the afflicted limitations. This may
be particularly true for modelling studies in the Himalayan mountain system, and
comparative studies are needed, since unmindful use of WORLDCLIM in heterogeneous
landscapes like the Himalayan region could be misleading. The consequences of using
misevaluated results as a baseline will severely affect model projections under future
climate conditions.
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How do input parameters and computation methods of the climate datasets (CHELSA
and WORLDCLIM) influence derived climatic variables in vast mountain systems like the
Himalayas?
Apart from different calculation methods, differences between the two climate datasets can be attributed to different input variables, resulting in different modelled
temperature and precipitation data. Temperature is strongly negatively correlated
with altitude (except for cold air inversions in winter months), allowing little room
for variation in regional-scale climate datasets (Soria-Auza et al., 2010, Karger et al.,
2016). Correspondingly, the comparison of temperature-related variables between
the two climate datasets demonstrated a high degree of consistency. This was not the
case with regard to precipitation patterns, which are influenced by a variety of factors,
such as wind currents, topography and the diurnal cycle of solar radiation, which
changes air pressure and therefore causes differential precipitation along altitudinal
gradients. Dissimilarities in patterns of cloud formation became apparent between
CHELSA and WORLDCLIM (Karger et al., 2016). In summary, CHELSA demonstrated a more
consistent relation between terrain and the resulting precipitation patterns, whereas
the algorithm of WORLDCLIM produces flawed correlations between elevation and precipitation (Karger et al., 2016). The WORLDCLIM climate dataset neglects local-scale atmospheric processes, which cause site-specific topo-climatic conditions in high
mountain environments.

Are there discrepancies in the prediction of the two climate datasets (CHELSA and
WORLDCLIM) when modelling the potential distribution of B. utilis under current climate
conditions?
We compared CHELSA and WORLDCLIM climate data for the first time to model the
potential distribution of B. utilis in the Himalayan region, using the same variables as
in Article I to allow for direct comparison (Fig. 10). Unlike CHELSA, which only recently
became available (Karger et al., 2016), WORLDCLIM climate data (Hijmans et al., 2005)
have been widely used with reliable results (Elith et al., 2006; Pearman et al., 2008;
Casalegno et al., 2010) in Europe, North America and some tropical areas. Nevertheless, we found the ecological niche modelled based on CHELSA data to be in closer correspondence to the authors’ field knowledge, and the model predictions match the
actually existing distribution range of B. utilis to a vast extent, whereas models using
WORLDCLIM climate data consistently overpredicted the potential suitable habitat for
B. utilis. Due to different methods of computation, CHELSA and WORLDCLIM contain disparities, some of which may be of considerable importance for vast mountain systems
like the Himalayas. We conclude that CHELSA climate data, which reflect topo-climatic
conditions, yield more accurate results, particularly in terms of precipitation-related
variables. In regard to model evaluation metrics, CHELSA significantly outperformed
WORLDCLIM with 80.6 % explained variance of the test dataset compared to 67.7 %.
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We provide a better understanding of how different climate datasets affect modelling
species’ potential distributions in regions with limited data availability. The accuracy
of current potential distributions could gain considerable importance with regard to
range shifts under climate change scenarios.

Fig. 10: Intersection of binary projections by both climate datasets (areas predicted
by CHELSA (Karger et al., 2016) climate data = red; areas predicted by WORLDCLIM
(Hijmans et al., 2005) climate data = blue; areas predicted by both climate datasets =
green).

8.3

Application of thermal and phenological land surface parameters for improving ecological niche models of Betula utilis in the Himalayan region

Globally, climate governs global patterns of land cover (Dale, 1997), but land cover
and climate are not fully independent (Thuiller et al., 2004). Our results confirm topoclimatic variables as the main drivers behind the distribution range, whereas phenological traits substantially contribute to narrowing the modelled ecological niche of B.
utilis (i.e., more realistic distribution). Similar results were obtained by Parra et al.
(2004) and Buermann et al. (2008) when predicting species distribution across the
Amazonian and Andean region. Remotely sensed data made a valuable contribution
when modelling the current distribution of B. utilis, since they provide long-term,
fine-scale and freely available observations. The approach of substituting bioclimatic
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variables with remotely sensed land surface temperature variables is promising, particularly in regions where sampling efforts are low and sufficient fine-scale climate
data are not available.
To what extent can niche models built solely on bioclimatic predictor variables be improved by adding different remotely sensed predictor variables?
Given the respective climatically and topographically complex terrain of the Himalayan Mountains, models based on climate variables alone predict the potential distribution of species only when land cover characteristics are omitted. When modelling
the ecological niche of a species, the major concern is the quality and content of environmental input data to generate the models. We presented the first detailed comparisons utilising remote sensing data for modelling the actual distribution of B. utilis.
We conclude that the addition of remotely sensed topography and phenological traits
as predictor variables led to improved model performance, resulting in a more constrained predicted niche compared to models solely built on climatic variables (Fig.
11).

Fig. 11: Continuous predictions of the models using four different predictor variable
sets: Chelsa climate data (CLIMATE); Land Surface Temperature (LST); and both combined with Topography (TOPO) and Land Cover Dynamics data (PHENO).
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The results underline the relevance of additional remotely sensed environmental
variables for reducing the gap between the potential and actual distribution of B. utilis. It becomes apparent that the core distribution of B. utilis was predicted in the
western part of the Himalayan mountain system, whereas only the LST model predicted a principal distribution in the central part of the mountains. All models showed
a uniform distribution along the Himalayan arc. The habitat predicted by CLIMATE
tends to be wider in range compared to the other predictions.
To emphasize these findings (Fig. 11), I included a reanalysis of the model results
(Fig. 12) with regard to the BAM diagram (Fig. 1). According to the BAM-diagram
(Chapter 2), CLIMATE and LST models revealed the potential distribution GP of B. utilis,
respectively (Fig. 12a,b).
By contrast, in the CLIMATE + TOPO + PHENO and LST + TOPO + PHENO models, remotely sensed predictors supplemented information on M (TOPO: topographical barriers) and B (PHENO: distinction between phenological divergent vegetation formations), leading to the modelled actual distribution GO of B. utilis, respectively (Fig.
12a,b). However, the actual distribution of B. utilis might be smaller than predicted,
since topo-climate variables and phenological traits are not the only factors determining habitat suitability.
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Fig. 12: Reanalysis of the model predictions for modelling the ecological niche of Betula utilis. GP the potential distribution (grey) was modelled solely based on climaterelated variables (a) CLIMATE and b) LST), and GO the actual distribution (black) was
modelled with additional remotely sensed variables like topography and phenological
traits (a) CLIMATE + TOPO + PHENO and b) LST + TOPO + PHENO).

Furthermore, I included a detailed excerpt of the reanalysis displaying differences
in the model predictions (Fig. 13), where the overall appearance (Fig. 11 and 12) is
better elucidated. The model solely based on climate predictor variables (CLIMATE)
roughly met the lower limit of occurrences compared to the CLIMATE + TOPO + PHENO
model, but overpredicted the uppermost limits of B. utilis (GP in Fig. 13a) Overall, the
broadleaved deciduous treeline could not be distinguished from other vegetation formations. The same picture emerged for LST models (GP in Fig. 13b).
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The CLIMATE + TOPO + PHENO model differentiates between slope structures, and
clearly delimits the lower distributional range of B. utilis. At higher altitudes, occurrence probability decreases (GO in Fig. 13a). Comparing CLIMATE + TOPO + PHENO models with LST + TOPO + PHENO-based models, similar patterns were observed, whereas
the distributional range is predicted more constrained in the latter, leaving a smaller
distribution range of B. utilis (GO in Fig. 13b).

Fig. 13: Detailed excerpt of model predictions of the ecological niche of Betula utilis
with regard to the BAM diagram. The potential distribution GP was modelled solely
based on climate-related variables and to estimate the actual distribution GO additional remotely sensed variables such as topography and phenological traits were included. (a) GP: CLIMATE and GO: CLIMATE + TOPO + PHENO b) GP: LST and GO: LST + TOPO
+ PHENO).

What is the potential of a purely remote sensing-based approach when modelling the
ecological niche of B. utilis?
Although explained variance was highest for CLIMATE + TOPO + PHENO with 69 %,
LST + TOPO + PHENO obtained 65 %. The model solely based on downscaled climate
parameters (CLIMATE) explained 56 %, while the model solely based on remotely
sensed land surface temperature (LST) explained 41 % of the variance. Generally, CLIMATE always performed better than LST, except for explained variance for the combination with phenological traits (CLIMATE + PHENO: 0.63; LST + PHENO: 0.64). However,
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LST benefitted more from the addition of further predictors than CLIMATE (increase of
24 % compared to 13 % explained variance). In combination, LST + TOPO + PHENO performed better than CLIMATE. Our results emphasize the need for high-resolution data
when modelling the actual distribution of treeline species in order to account for the
heterogeneous terrain and microclimate. The incorporation of remotely sensed temperature derivatives expands the classical approach (i.e., bioclimatic variables and topography) and demonstrates great potential to derive more tailored variables (e.g.,
temperature of the growing season, precipitation amounts and snow cover) for ecological niche modelling.
Which variable combinations explain the current distribution of B. utilis in the Himalayan region?
Furthermore, phenological patterns will gain importance under climate change,
since species-specific changes (e.g., earlier flowering and green-up date) will become
apparent at an early stage (Xu et al., 2009; Panday & Ghimire, 2012). The inclusion of
topographic variables like Slope led to an improved prediction of climate-only models
(both CLIMATE and LST). In highly topographically complex regions like the Himalayas,
areas can be predicted as climatically suitable, but they might be inaccessible due to
the slope angle. Betula forests thrive on humid, shady slopes with deeply weathered
podzolic soils, and are more or less absent from south-facing slopes, particularly in
the more continental western Himalaya (Schickhoff, 1995; Miehe et al., 2015a). Regarding temperature-related remotely sensed variables, all variables proved to be of
great importance, but mean annual temperature amplitude (YAST) demonstrated
highest variable importance. Generally, temperature is strongly negatively correlated
with altitude (except for cold air inversions in winter months), allowing little room
for variation in regional-scale climate datasets (Soria-Auza et al., 2010; Karger et al.,
2016). This, in turn, leads to similar results for LST + TOPO + PHENO compared to CLIMATE + TOPO + PHENO models, where additional information on phenological traits refined the predicted niche of B. utilis (Fig. 11). Interestingly, the number of cloud free
acquisitions (NCSA) also demonstrated considerable variable importance, indicating
that it contains some information about precipitation. Furthermore, MAST (mean annual temperature) and THETA (phase shift in days relative to spring equinox) were
revealed to be important when modelling the ecological niche of B. utilis. We conclude
that THETA, as it represents heat accumulation, indicates sensitivity to seasonal snow
cover and thickness. Furthermore the duration of snow cover with sufficient soil
moisture at the beginning and at the end of the growing season, is one of the principal
factors controlling the distribution of B. utilis forests (Schickhoff, 1995, 2000, 2005).
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8.4

Modelling treeline dynamics under climate change

Global and regional treeline responsiveness to climate change is highly complex and
influenced by a variety of abiotic and biotic factors and their interrelations. Given the
fact that the elevational position of treelines is attributed to prevailing thermal conditions, worldwide treeline ecotones constitute sensitive indicators to changing climate conditions (Körner, 2012).
During the Holocene, treeline fluctuations were caused by climate variability. Evidence was found for upslope movement during warmer periods and recession during
cooler periods (Alps: Schwörer et al., 2014, Himalaya: Schickhoff et al., 2016a). More
specifically, after the Pleistocene-Holocene transition period (11.7 kyr. BP) the
treeline position in the Himalayas was situated several hundred meters higher than
today. Highest elevational positions of treelines in the early Holocene can be attributed to warm and moist climate conditions resulting from a reinforced Asian monsoon regime (Schickhoff et al., 2016a). In the mid-Holocene (5 kyr BP) treeline positions shifted to somewhat lower elevations due to decreasing temperatures (Schickhoff et al., 2016a). In recent millennia, human impact has become the dominant driver
of treeline elevational positions. In the Himalayas, Holocene treeline history was not
uniform due to regional and local particularities.
Under future climate change scenarios, treeline positions are postulated to advance to higher elevations. To date, treeline responses do not show consistent patterns at global and local scales (Dullinger et al., 2004; Harsch et al., 2009; Körner,
2012; Schickhoff et al., 2015). The degree of treelines’ susceptibility to being significantly affected by changing climate depends on treeline type and form (Schickhoff et
al., 2015). Climatic treelines are highly susceptible to climate warming (Holtmeier &
Broll, 2007; Körner, 2012), whereas orographic treelines do not show significant
changes (Schickhoff et al., 2016a). In terms of their responsiveness to climate warming, anthropogenic treelines can be compared to climatic treelines. Based on treeline
types, four treeline forms with different responsiveness patterns can be distinguished
(i.e., diffuse, abrupt, island and krummholz treeline forms; Harsch & Bader, 2011).
Only diffuse treelines exhibit a strong response signal, whereas the other forms remain rather unreactive in terms of elevational shifts.
In the Himalayas, explicit differences can be found between treelines on north- and
south-facing slopes. Whereas human impact transformed treelines on south-facing
slopes to a large extent, north-facing slopes have a limited use potential, and nearnatural treeline ecotones, including an intact krummholz belt, still exist (Schickhoff et
al., 2015). Krummholz treelines usually show a lagged response to climate warming,
and treeline shifts may occur only in the long term (Schickhoff et al., 2015, 2016). It
is assumed that the strong competition within the krummholz belt and the occurrence
of dense dwarf scrub heaths located above hinders upward migration of tree species
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(Schickhoff et al., 2015). However, stand densification and prolific regeneration
within the treeline ecotone indicates beneficial preconditions for treeline advance in
the future (Schickhoff et al., 2015).
The analyses of treelines responding to changed climatic conditions and differentiation of small- and broad-scale underlying mechanisms and factors remains a pending question. Recent studies have focused on ecological, dendroecological, forest-ecological, and remote sensing aspects (Liang et al., 2011; Gaire et al., 2011, 2014; Bharti
et al., 2012; Rai et al., 2013; Shrestha, 2013; Müller et al., 2016a,b; Schwab et al., 2016;
Bürzle et al., 2018). Increasingly, modelling approaches have been applied to gain a
better understanding of treeline dynamics, particularly to investigate the underlying
process-based relationships and identify potential range shifts of species in response
to changed climatic conditions and altered land use regimes (Dullinger et al., 2004;
Wallentin et al., 2008; Paulsen & Körner, 2014; Schickhoff et al., 2015, 2016). However, the number of studies modelling treeline dynamics in the Himalayas remains
sparse. A particular challenge for modelling studies involves the lack of natural
treeline sites, since the treeline position is almost everywhere depressed to lower altitudes due to human impact (Miehe et al., 2015b; Schickhoff et al., 2015, 2016). At
anthropogenically depressed treelines, it is a challenge to disentangle the climatic signal and anthropogenic land-use impacts as the driver behind treeline dynamics.
Upslope shifts of treeline species in the short term might be attributed to changes in
land use regimes rather than to climate change. For near natural treelines, it is postulated that changes in their elevational position will be a medium- to long-term process
(Schickhoff et al., 2015, 2016). The comparison of the vegetation map of Scheinfurth
(1957) with the results of Articles I revealed deviations, possibly attributed to land
use change rather than changed climatic conditions (Fig. 9). In the reanalysis the same
pattern can be observed for the entire Himalayan Mountains, where similar discrepancies between the Schweinfurth map (1957) and predictions of the CLIMATE + TOPO
+ PHENO model (Article III) were found (Fig. 14).
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Fig. 14: Reanalysis of the modelled ecological niche of Betula utilis based on CLIMATE
+ TOPO + PHENO models and B. utilis forests according to the vegetation map of
Schweinfurth (1957).

However, changing species’ distributional patterns and phenology are responses
to recent climate change that will modify the structure, composition and position of
the treeline in the Himalayan mountain system. Remotely sensed data of plant phenological seasonal variations can be used to track changes in vegetation phenology
(Beck et al., 2007), since shifts in seasonal phenological events are among the first
responses at plant and ecosystem levels to climate change (Badeck et al., 2004). Shifts
of flowering dates have been reported for Rhododendron species (Xu et al., 2009),
and earlier green-up data resulting in an extension of the growing season (Panday &
Ghimire, 2012; Shrestha et al., 2012) have been reported for the Himalayas. However,
responses to above-average warming rates projected for the 21th century will most
likely be associated with biodiversity loss and a decrease of ecosystem functions
(Schickhoff et al., 2016a).
Therefore, investigations of underlying climatic factors and the quantification of
changing plant phenological traits provide the basis for efficient nature conservation
management, expansion of protected areas and appropriate habitat restoration strategies. With the results presented, we provide a stepping stone for further investigations of treeline dynamics in the Himalayan mountain system.
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8.5 Limitations of ecological niche models and potentials of remote sensing data
The investigation of factors driving the current distribution of treeline species is a
conditio sine qua non of factors behind treeline dynamics. In order to obtain meaningful modelling results, a synthesis of various ecology-related disciplines would be
desirable. Since the availability and quality of input parameters determine model performance, complete high-resolution long-term data is advisable. Besides species occurrence data, information ranging from plant-specific characteristics and responsiveness to changing climatic conditions and inter- and intra-specific competition to
succession experiments would enhance modelling procedures.
However, in reality, things are different. By using correlative modelling approaches, limitations and errors may occur at any step of the procedure. Far-reaching
consequences can be traced back to the input parameters. The model is only as precise
as the quality and relevance of the biotic and abiotic parameters used to build the
model for the targeted species. In an extensive literature review, He et al. (2015) presented numerous applications of remotely sensed data for modelling species’ distributions. They demonstrated the adaptability of remote sensing products for modelling marine and terrestrial biota, and how they can be customised in accordance with
specific research questions.
As already mentioned in Chapter 3, modelling studies are often based on presenceonly species occurrence data instead of presence-absence data, which represent a major source of uncertainty. They are often derived from databases of natural history
museums and herbaria, whereby sampling techniques, intensities and periods of time
may differ (Soberón & Peterson, 2004). Sampling bias in geographic space leads to
sampling bias in environmental space, which must certainly be considered problematic (Veloz, 2009). Spatial filtering (i.e., only one point per 1 x 1 km grid cell) of the
occurrence points was applied to decrease sampling bias and spatial auto-correlation.
No assurance can be provided regarding afflicted biases of museum- and literaturebased occurrences.
In many studies, the investigation and evaluation of input parameters is neglected.
The impact of the results’ implementation may have severe consequences. Abiotic and
biotic data derived from remote sensing may open up new opportunities for analysing
and modelling species’ distributions, since they provide response and predictor variables.
In all articles, the benefits of remotely sensed data in deriving tree species occurrences could be highlighted. Almost 80 % (Article III) and 55 % (Article I and II) of
the Betula utilis occurrence points were extracted from freely available satellite imagery (Google, 2015). The potential of remote sensing data for future studies lies in
the generation of presence and absence datasets, which are highly required in ENMs
(Fithian et al., 2015). Due to unique biophysical properties, hyperspectral sensors can
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detect subtle differences in reflectance based on unique plant chemistries, which is
beneficial for identifying plant species (Buermann et al., 2008). Not only clearly noticeable vegetation structures like treeline ecotones can be distinguished, but technologies may also be applicable for detecting rare or invasive species at the plant species level (He et al., 2015 and references therein). Another advantage is the possibility
to incorporate biotic interactions into the models, which are often disregarded due to
data limitations (Kissling et al., 2012; Dormann et al., 2018). The inclusion of biotic
interactions of tree species treeline species associated with B. utilis would be beneficial for modelling possible future range shifts.
Often, standardised statistically derived parameters do not fully reflect the species’
physiological needs and habitat requirements, and therefore lead to poor modelling
results. As illustrated in Article II, evaluating and comparing the performance of climate datasets remains a challenging task. In Article III, thermal metrics were tested,
which may be beneficially incorporated into further treeline studies in remote mountainous regions, as they provide freely accessible, complete and long-term data. The
main advantages of LST-related variables are continuous observations without interpolation and geographical bias, and therefore with less uncertainty (He et al., 2015).
Recent studies have revealed how LST data could improve species modelling studies
(e.g., Buermann et al., 2008; Bisrat et al., 2012; Still et al., 2014). These parameters
offer numerous possibilities, such as tailored predictors in high-resolution. As time
series data of vegetation characteristics (i.e., phenological metrics) are becoming
more and more readily available, changing habitat suitability can be estimated and
incorporated into model approaches. In this way, knowledge can be generated that is
particularly important for modelling spatial expansion of invasive species, extinction
risk assessment and range shifts under future climate change (He et al., 2015 and references therein). In mountainous areas, the resolution of climate data (i.e., 1 x 1 km)
is often too coarse for models to distinguish between north- and south-facing slopes.
With high-resolution remote sensing data, however, the heterogeneity of the terrain
can be taken into account, leading to more precise modelling results.
We conclude that although the available data derived from remote sensing technology is rather short-term, the presented results of Article III may serve as a baseline
for future studies. Restrictions in the practical applicability arise from the fact that
high resolution satellite imagery is still often very expensive. On the other hand, the
free of cost imagery and software is already available and will become more customary in the future. The results of Article III show that, even with freely available data,
model performances could be improved, indicating the potential for future modelling
studies. Airborne technology is a continually expanding field, and high resolution remotely sensed data will provide more insights into spatial patterns and underlying
factors in future modelling studies.
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9. Conclusions
The aim of the thesis was to model for the first time the ecological niche of Betula utilis
in the subalpine and alpine belts in the Himalayan Mountains on a broad scale.
The special focus was on challenges involved in modelling the ecological niches of
B. utilis in remote, high elevation treeline ecotones along the Himalayan mountain
range. B. utilis occurrences in the treeline ecotone along the Himalayan arc were compiled primarily from freely available satellite images. To the knowledge of the authors,
the presented data set is the most comprehensive data set available.
The results of this study provide a comprehensive analysis of the underlying environmental factors (climatic patterns, topography and phenological traits) determining the ecological niche of B. utilis in the Himalayan region under current climate conditions. Using GLMs, potential suitable habitats of the species were successfully predicted as a function of climatic variables that characterise current climatic conditions
at treeline locations. The identified environmental factors were discussed in light of
species-specific ecological habitat requirements. We conclude that ecological niche
modelling presents a valuable predictive tool for analysing the distribution of treeline
species when the existing complexity of remote high altitude regions is denoted in
climate input variables.
We highlight that global climate data sets should not be used to model ecological
niches without critically scrutinizing the origin of climate data and the computation
method of the climate data set, and without being aware of potentially afflicted limitations. The obtained results could be particularly misleading, when modelling ecological niches in heterogeneous landscapes like the Himalayan region. We emphasize
the use of high resolution (< 1 km2) local climate data sets for future modelling studies.
We expanded the solely climate-based approach with freely available remotely
sensed variables to model the actual distribution of the species. The inclusion of variables characterising spatial variation in environmental variables, such as remotely
sensed vegetation indices, provided key inputs. Betula is a conspicuous broadleaved
deciduous tree species at treelines, allowing for a clear separation on the basis of phenological traits from adjacent vegetation types (evergreen coniferous and evergreen
broadleaved species). The incorporation of remote sensing data led to a more refined
modelled distribution since, based on real information of the Earth’s surface, as they
account for non-climatic dimensions (i.e., anthropogenic impacts), leading in turn to
a more realistic actual distribution. Although the model predictions are in general
agreement with several vegetation maps, the actual distribution might be smaller
than indicated by the models. Our results point to the need for further investigations
of microclimatic conditions with parameters related to soil properties or solar radiation, as well as investigations of biotic interactions or dispersal limitations.
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The presented synergetic modelling approach can be transferred to any other species in conspicuous vegetation formations, such as treeline ecotones, and the applied
environmental predictors are transferable without severe modification due to global
coverage. Further research may include additional remotely sensed metrics, such as
solar radiation, precipitation amounts and snow cover.
Transferability to other deciduous treelines remains to be examined, but promising results and insights can be expected. The obtained insights may serve as a role
model for other climatic treelines, and especially for other Betula treelines in mountain regions. Our findings may serve as a baseline for further investigations of treeline
dynamics under future climate change scenarios in regions with limited data availability.
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Abstract
Developing sustainable adaptation pathways under climate change conditions in
mountain regions requires accurate predictions of treeline shifts and future distribution ranges of treeline species. Here, we model for the first time the potential distribution of Betula utilis, a principal Himalayan treeline species, to provide a basis for
the analysis of future range shifts. Our target species Betula utilis is widespread at
alpine treelines in the Himalayan mountains, the distribution range extends across
the Himalayan mountain range . Our objective is to model the potential distribution
of B. utilis in relation to current climate conditions. We generated a dataset of 590
occurrence records and used 24 variables for ecological niche modelling. We calibrated Generalized Linear Models using the Akaike Information Criterion (AIC) and
evaluated model performance using threshold-independent (AUC, Area Under the
Curve) and threshold-dependent (TSS, True Skill Statistics) characteristics as well as
visual assessments of projected distribution maps. We found two temperature-related (Mean Temperature of the Wettest Quarter, Temperature Annual Range) and
three precipitation-related variables (Precipitation of the Coldest Quarter, Average
Precipitation of March, April and May and Precipitation Seasonality) to be useful for
predicting the potential distribution of B. utilis. All models had high predictive power
(AUC ≥ 0.98 and TSS ≥ 0.89). The projected suitable area in the Himalayan mountains
varies considerably, with most extensive distribution in the western and central Himalayan region. A substantial difference between potential and real distribution in the
eastern Himalaya points to decreasing competitiveness of B. utilis under more oceanic
conditions in the eastern part of the mountain system. A comparison between the vegetation map of Schweinfurth (1957) and our current predictions suggests that B. utilis
does not reach the upper elevational limit in vast areas of its potential distribution
range due to anthropogenically caused treeline depressions. This study underlines
the significance of accuracies of current environmental niche models for species distribution modelling under climate change scenarios. Analysing and understanding the
environmental factors driving the current distribution of B. utilis is crucial for the prediction of future range shifts of B. utilis and other treeline species, and for deriving
appropriate climate change adaptation strategies.
Keywords: climatic space; ecological niche modeling; habitat, range shift; treeline dynamics; treeline ecotone
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Introduction
Ecological niche models (ENMs) and species distribution models (SDMs) based on
presence-only occurrence data are significant research tools in biogeography, ecology, evolution and conservation biology (Guisan & Thuiller, 2005 and references
therein). Using modelling techniques requires the analysis of underlying climatic factors of species distributions, which is, in turn, a basic requirement for the understanding of current and future species distribution ranges. Shifts of the environmental
niches of alpine treeline species under future climate change scenarios are of particular interest in this respect since high mountain environments are subjected to aboveaverage warming rates (Schickhoff, 2011; IPCC, 2014), and treelines are expected to
advance to higher elevations (Harsch et al., 2009; Wieser et al., 2014).
Linking the occurrence or abundance of a species to environmental and/or geographical variables has been shown to be a valuable tool to predict species distribution ranges or potential suitable habitats (Franklin, 1995; Austin, 2002; Barry & Elith,
2006).
In this study, we follow the principles of ecological niche modelling regarding the
conditions suitable for a target species based on calibration, evaluation and interpretation (Peterson et al., 2011; Anderson, 2012). In contrast to SDMs, which intend to
characterize the species’ occupied distribution (sensu stricto), ENMs investigate relationships between known species occurrences and abiotic environmental (frequently
climatic) variables in a particular region of interest (the species’ abiotically suitable
distribution; see Peterson & Soberón, 2012, for the distinction of ENM and SDM terminology). A variety of statistical approaches are incorporated in ENMs (for details
see Guisan & Zimmermann, 2000; Thuiller et al., 2008). Basically, the model estimates
the environmental conditions that a species can live in (the species’ existing realized
niche). Subsequently the model can be projected in geographic space, identifying consistent areas with suitable environmental conditions for the species (Araújo & Guisan,
2006; Peterson & Soberón, 2012).
Accuracies of the models under climate change scenarios (i.e., response of the species to changing climate conditions) depend on the accuracies of models of the current
environmental niche of the species, the importance of which should not be underestimated. Model predictions may then be used for biodiversity conservation in order to
implement appropriate ecosystem management strategies.
At local and global scales, high-elevation climatic treelines can be considered as
sensitive indicators of past and recent climate change and variability (Kullman, 1998;
Holtmeier, 2009; Körner, 2012). During the last decade, investigation of climate
change-driven treeline dynamics has generated considerable research interest, and
results have been widely reported from various treelines of the world (e.g., Randin et
al., 2009; Harsch et al., 2009; Paulsen & Körner, 2014, Schibalski et al., 2014; Schickhoff et al., 2015, 2016). One widespread hypothesis is that global warming will shift
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the climatic ranges of treeline and subalpine/alpine species upward along altitudinal,
thermally defined gradients (Gottfried et al., 2012; Pauli et al., 2012).
Modelling the distributional range of treeline species and predicting changes under
future climate scenarios has become an increasingly applied component in investigations of high altitude treelines (e.g., Dullinger et al., 2004; Thuiller et al., 2005; Parolo
et al., 2008). Climate-induced future range shifts have been postulated for both highaltitude and high-latitude treeline species as a consequence of rapid warming rates
(Holtmeier & Broll, 2010; Dufour-Tremblay et al., 2012; Gaire et al., 2014; Shrestha et
al., 2014). In contrast to other mountains of the world, the Himalayan region has been
largely neglected in this respect and is clearly under-represented in scientific literature on climate change-induced species range shifts (Schickhoff, 2005; Telwala et al.,
2013, Dutta et al., 2014; Schickhoff et al., 2015).
Moreover, most high altitude and high latitude treeline studies investigated coniferous tree species (e.g., Abies, Picea, Pinus, Larix), while deciduous tree species (e.g.,
Betula) remained largely out of focus. The genus Betula is known to be widely distributed in the Northern Hemisphere and birches are among the conspicuous broadleaved high altitude and high latitude treeline species (Truong et al., 2007; Speed et
al., 2011). Betula spp. can be found at polar treelines (subarctic and boreal zone) as
well as at alpine treelines (cool and warm temperate zones) (Holtmeier, 2009). In
Europe, Betula species were target species in several modelling studies (e.g., Thuiller,
2003 on B. nana; Svenning et al., 2008 on B. pendula and B. pubescens). Our target
species Betula utilis is widespread at alpine treelines in the Himalayan mountains
(Ashburner & McAllister, 2013), and is considered to be an indicator species for climate-driven treeline dynamics (Liang et al., 2014). Presently, only few researchers
have addressed the problem of modelling distribution ranges of deciduous treeline
species. This applies in particular to the Himalaya. Up to date, modelling studies were
either local studies on B. utilis (e.g., Singh et al., 2013: Indian Himalaya, Uttarakhand;
Huo et al., 2010: SW China) or focused on other species (Kumar, 2012 on Rhododendron spp.; Ranjitkar et al., 2014 on Oxybaphus himalaicus and Boerhavia diffusa). Previous work on B. utilis focused mainly on dendroecology (Bhattacharyya et al., 2006;
Tenca & Carrer, 2010, Dawadi et al., 2013; Gaire et al., 2013; Liang et al., 2014), remote
sensing (Singh et al., 2012, 2013; Rai et al., 2013), plant physiology (Xu et al., 2012;
Shi et al., 2008), and regeneration (Shrestha et al., 2007).
Thus, modelling the distribution of treeline species such as B. utilis, a predominant
species in western and central Himalayan treeline ecotones (Schweinfurth, 1957;
Schickhoff, 2005), is still a major research deficit. This study models for the first time
the potential distribution of B. utilis in the subalpine and alpine treeline ecotone of
the Himalayan mountains on a broad scale, based on underlying climatic determinants of its distribution range. We aim at assessing the performance of Generalized
Linear Models (GLM), implementing a multi-step evaluation approach: i) calibration
of the model, ii) evaluation of spatial prediction success and accuracy of the models,
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iii) projecting the distribution of B. utilis under current climate conditions. Using this
approach, we seek to answer the following key questions:
1. Are selected climatic variables able to reflect the climatic gradient from more
continental western to more oceanic eastern regions of the Himalayan mountain
range?
2. What are key climatic constraints for the current distribution of B. utilis in the
Himalayan region?
3. Which areas are predicted as potentially suitable for B. utilis?
4. Are there differences between the current model predictions and the distribution range delineated in the detailed vegetation map of Schweinfurth (1957)?

Material and Methods

Study area
The Himalayan mountain range is located between the Indian Subcontinent in the
south and the Tibetan Highland in the north, and extends from Afghanistan in the
northwest (c. 36°N and 70°E) to Yunnan in the southeast (c. 26°N and 100° E). It is a
vast mountain region, covering an area of more than 1.000.000 km2, with a length of
c. 3000 km (Pakistan to SW China) and a maximum width of 400 km.
The Himalayan mountains show a distinct three-dimensional geoecological differentiation, with a high variation of climate, rainfall, altitude, and soils (Troll, 1972; Zurick et al., 2006; Miehe et al., 2015a). The climate ranges from tropical in the Indian
lowlands to permanent ice and snow at the highest elevations, and from more continental in the NW to more oceanic in the SE. The amount of annual precipitation increases with increasing monsoonal influence in the same direction along the southern
front of the range (Schickhoff, 2005; Böhner et al., 2015). The small-scale heterogeneity of habitats and site conditions supports a high diversity of species and communities.

Target species
The distribution range of Betula utilis extends across the Himalayan range from Afghanistan to SW China, with the total elevational range extending from 2700 to 4500
m (Polunin & Stainton, 1984). B. utilis was selected as a study species due to its status
as a principal broadleaved treeline species in the western and central Himalayan
mountains (for photographs see Supplementary material S1, Fig. S1a-c). This species
mainly grows on north-facing slopes in shady locations. In the NW Himalaya, B. utilis
is widely distributed in the elevational range between 3100 and 3700 m, while the
range shifts to higher altitudes towards the E Himalaya (mainly between 3800 and
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4300 m; own database). B. utilis grows in mixed forests with conifers and rhododendrons and forms a narrow forest belt between coniferous forests below and a krummholz belt above (for associated tree species see Schickhoff, 2005, Miehe et al., 2015b).
Pure birch stands with Rhododendron campanulatum and Sorbus microphylla in the
understory are often found at the uppermost limit of subalpine forests (Schickhoff et
al., 2015).
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Species data collection
Presence-only occurrence data of B. utilis were accessed via the Global Biodiversity
Information Facility (gbif.org). The database hosts 215 geo-referenced records
(1980-2016) without any known coordinate issues for our study region. 202 records
were added from a database compiled from a literature survey (Schickhoff, 2005; unpublished data). Additionally, we extracted 327 records from freely available satellite
images (GoogleEarthTM, ver. 7.1.1.1888, Google, 2015) and added them to the dataset.
This method has been proven to be useful in global treeline research (Paulsen &
Körner, 2014; Irl et al., 2015). These occurrence localities were validated through expert knowledge, obtained from numerous field visits in the Himalayan region. We
used a total of 744 records for further analysis.
Prior to building the distribution model of a species, error sources have to be minimized, in particular those arising from spatial autocorrelation of species occurrence
data. Only one occurrence point per grid cell (1 km x 1 km) was considered, furthermore only the uppermost occurrences in the treeline ecotone were used, resulting in
590 occurrence points of B. utilis as a basis for modelling the current distribution of
this species (Fig. 15). Lowermost occurrences (e.g., in avalanche paths) were omitted
since they do not represent the ‘zonal’ climatic conditions of the treeline birch belt.

Fig. 15: Occurrences of Betula utilis in the Himalayan mountains (N= 590).
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Climatic variables and statistical analyses
Ecological modelling applications frequently apply simple interpolated climate data
sets such as ‘worldclim’ (Hijmans et al., 2005), which regionalize monthly observations of precipitation and temperature based on a weighted linear regression approach, using latitude, longitude and elevation as statistical predictor variables. Despite of the high spatial resolution of approximately 1 km², these data sets neglect
local scale atmospheric processes which are crucial for the formation of site specific
topo-climatic conditions in high mountain environments. Many studies show that local scale atmospheric conditions are highly influenced by the underlying terrain. Anisotropic heating at different slope positions as well as cold air drainage and pooling
in mountain valleys during autochthonous weather conditions result in a complex
temperature pattern, which distinctly modifies the distribution of plant communities.
Likewise, the spatial pattern of precipitation is influenced by wind- and leeward slope
positions, resulting in hyper-humid climate conditions at the southern declivity of the
Himalayan range and semi-arid to arid conditions in the Trans-Himalayan valleys.
Freely available gridded climate data sets often do not satisfy the requirements of
ecological climate impact studies and impede the interdisciplinary investigation of climate ecosystem interactions (Soria-Auza et al., 2010).
In this study all statistical analyses were performed using the programming language R (R Core Team, 2015). All maps were created using ArcGIS (Version 10.1; Esri
Inc. Redlands, CA, USA).
In order to sufficiently incorporate local scale climate variations in the framework
of the presented modelling approach, we make use of two gridded long-time climate
data sets (one for temperature and one for precipitation respectively), which explicitly account for important topo-climatic processes. Gridded monthly mean temperature fields with a spatial resolution of 1x1 km were derived from the ERA-Interim reanalysis by means of an elevation and bias correction approach, which considers the
climate model internal stratification of the atmosphere (Gerlitz et al., 2014). Compared with simple linear elevation adjustment techniques the approach was shown to
considerably improve the quality of high resolution temperature fields in high mountain environments (Gerlitz et al., 2014).
Monthly precipitation sums with the same resolution were downloaded from the
freely available ‘chelsa’ climate dataset (Karger et al., 2016). This climate data is based
on a quasi-mechanistical statistical downscaling of the ERA-interim global circulation
model with GPCC and GHCN bias correction. Precipitation amounts, which were estimated under consideration of orographic factors such as wind fields, valley exposition
and boundary layer height showed high preciseness compared to precipitation data
from other climate datasets (Karger et al., 2016).
Based on the gridded monthly fields of temperature and precipitation, we generated 19 climatic variables using the R-package ‘dismo’ (Hijmans et al., 2011). These
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climatic variables are widely used in species distribution modelling and represent annual characteristics (e.g., mean annual temperature), seasonality (e.g., annual range
in precipitation) and extreme environmental factors (e.g., precipitation of driest
month) (Nix, 1986, Hijmans et al., 2005). In addition, average precipitation of May
and of March, April and May was calculated in order to account for potential pre-monsoon drought stress (Liang et al., 2014; Schickhoff et al., 2015, 2016). Furthermore, a
digital elevation model was extracted from GLOBE (ngdc.noaa.gov; Global Land OneKilometer Base Elevation). We applied ArcGIS (Version 10.1; Esri Inc. Redlands, CA,
USA) to calculate slope angle and slope aspect using the ‘surface’ function of the Spatial Analyst toolbox. The DEM-elevation as well as its derivates slope and aspect were
utilized as additional predictor variables. The resolution of climatic raster grids and
the DEM is 30 arc seconds, which equals 1 km x 1 km. All processing of climate data
was done with R-package ‘raster’ (Hjimans, 2015).
Climatic and topographic predictors were chosen to reflect the species’ physiological needs. Prior modelling, we examined possible correlations between all variables,
since they often show high collinearity, resulting in poor model performance and misleading interpretations (Dormann et al., 2013). Spearman’s rank correlations were
calculated using R-package ‘usdm’ (Naimi, 2015) to detect multi-collinearity between
environmental variables, with thresholding Spearman’s rank correlation coefficient rs
≤ 0.7 (Elith et al., 2006). Correlations were visualized with R-package ‘corrplot’ (Wei
& Simko, 2016, see Supplementary material S2 in Fig. S2). For all pairs of correlated
variables, decisions were based on performance of univariate models and the results
of hierarchical partitioning using the R- package ‘hier.part’ (Walsh & Mac Nally, 2013).
Several test runs were calculated and out of 24 predictor variables only five predictors were included in the modelling procedure (Table 2). Only ecologically meaningful variables, which represent general pattern and annual variability of the climate,
were included for modelling the potential distribution of B. utilis. We used variables
(e.g., temperature of growing season and winter temperatures) which are known to
reflect prevailing climate conditions at the treeline. Some variables (e.g., Temperature
of Warmest Month and Temperature of Warmest Quarter) were highly correlated, in
this case we decided to use variables, which cover more than one month (i.e., quarter
which equals a period of three month). In all cases usage of ‘Quarter’ variables yielded
to models with higher discriminatory power and higher variable importance.
Descriptive statistics for all variables were calculated using the R-package ‘pastecs’
(Grosjean & Ibanez, 2014, see Supplementary material S3, Table S3a and S3b).
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Table 2: Climatic variables used for modelling the potential distribution of Betula utilis.
Scaling
Factor
1

Units
Degree Celsius

Used for
modelling

Label
bio1

Variable
Annual Mean Temperature

bio2

Degree Celsius

bio3

Mean Diurnal Range (Mean of monthly (max temp - 1
min temp))
Isothermality (bio2/bio7)
1

bio4

Temperature Seasonality ( Standard Deviation )

100

Degree Celsius

bio5

Max Temperature of Warmest Month

1

Degree Celsius

bio6

Min Temperature of Coldest Month

1

Degree Celsius

bio7

Temperature Annual Range (bio5-bio6)

1

Degree Celsius

X

bio8

Mean Temperature of Wettest Quarter

1

Degree Celsius

bio9

Mean Temperature of Driest Quarter

1

Degree Celsius

X

bio10

Mean Temperature of Warmest Quarter

1

Degree Celsius

bio11

Mean Temperature of Coldest Quarter

1

Degree Celsius

bio12

Annual Precipitation

1

Millimetre

bio13

Precipitation of Wettest Month

1

Millimetre

bio14

Precipitation of Driest Month

1

Millimetre

bio15

Precipitation Seasonality ( Coefficient of Variation )

100

Percentage

bio16

Precipitation of Wettest Quarter

1

Millimetre

bio17

Precipitation of Driest Quarter

1

Millimetre

bio18

Precipitation of Warmest Quarter

1

Millimetre

bio19

Precipitation of Coldest Quarter

1

Millimetre

prec_may

Average Precipitation May

1

Millimetre

prec_mam

Average Precipitation March, April, May

1

Millimetre

alt

Altitude

1

Meters

aspect

Aspect

1

Degree

slope

Slope

1

Percentage

Dimensionless

X

X
X

Modelling procedure
Model algorithm
Several methods are available for constructing SDMs, and they have been comprehensively compared in terms of performance (Austin et al., 2006; Tsoar et al., 2007). We
used multiple regression techniques (i.e., Generalized Linear Models) as they represent a classical and robust approach to analyse presence and absence data (Nelder &
Wedderburn, 1972; McCullagh & Nelder, 1989), with the function glm() implemented
in the R-package ‘stats’ (R Core Team, 2015). GLMs were calculated with binomial
distribution, logit-link function and polynomial terms of second order (Austin, 1999),
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but did not include terms of interactions among variables. To calculate the final GLMs
step-wise variable selection in both directions (i.e., forward and backward) was applied, using the Akaike Information Criterion (AIC, Akaike, 1974), thereby the final
and best model possesses the lowest value for AIC (Burnham & Anderson, 2002,
Guisan et al., 2002).

Pseudo-absence selection
As GLMs need presence and absence points, pseudo-absence points were generated.
For study area selection, a convex hull was used, covering the full extent of the known
occurrences of B. utilis distribution in the Himalayan region. By limiting the study
area, large regions where the species cannot occur were excluded in further statistical
analyses, in order to prevent over-predicting the distribution range of the species
(VanderWal et al., 2009).
For random selection of pseudo-absences, the limits were set as 5 km from the
nearest occurrence, resulting in total 6000 pseudo-absences (following the pseudoabsence selection procedure for GLMs described by Barbet-Massin et al., 2012, using
the ‘random points’ function of Data Management toolbox in ArcGIS, ESRI, 2012)

Model calibration and evaluation
Independent data collected from sites other than those used to train the model are
essential to evaluate the predictive performance of the model. In order to obtain reliable estimates of model performance, models are tested with independent data
(Araújo et al. 2005). Prior modelling, all presence and pseudo-absence points were
randomly split into training and testing subsets, using the R-package ‘caret’ (Kuhn et
al., 2016), whereas training data represented 80% of the original dataset and testing
data 20%. Statistical re-sampling techniques such as cross-validation (Stone, 1974)
are used to decrease bias in measuring the predictive performance of the model
(Pearce & Ferrier, 2000). The calibrated GLMs were validated using 10-fold crossvalidation function of the R-package ‘ecospat’ (Broennimann et al., 2015). In crossvalidation, all presences and pseudo-absences are divided in K equal groups. Each
group consists of two subsets (i.e., training set and testing set). The predicted values
are used to assess the accuracy of the prediction on the withheld test data (Pearce &
Ferrier, 2000). In order to reduce variability, this procedure was repeated 5 times,
resulting in 5 versions of the potential species distribution that were averaged.
The final projected distribution map only contains potential presences, predicted
by all 5 model versions.
Due to the lack of a universally valid model evaluation criterion, it is essential to
use more than one performance evaluation metric. We chose a multi-step evaluation
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approach to assess the performance of the modelling algorithms: 1) threshold-independent (AUC), 2) threshold-dependent (TSS), explained variance, Pearson’s correlation coefficient (rp), explained deviance, slope and intercept of the calibration curve.
Finally we conducted a visual assessment of projected distribution maps.
All models were evaluated using functions and arguments incorporated in the
‘PresenceAbsence’ library (Freeman & Moisen, 2008a, b).
For threshold-independent evaluation, we used the Area Under the Curve (AUC) of
the Receiver Operating Characteristic (ROC) curve (Fielding & Bell, 1997; Elith &
Burgman, 2002). The AUC is a non-parametric measure (i.e., no assessment of the
goodness-of-fit of the model) and varies according to the suitability proportion of the
study region. The AUC constitutes a measure of overall model performance (continuous discrimination between suitable and unsuitable habitat) irrespective of threshold. The AUC obtains values between 0 and 1, whereas values of > 0.9 are considered
high, 0.7-0.9 moderate, 0.5-0.7 low and < 0.5 no better than random (Wiley et al.,
2003; Phillips et al., 2006).
As threshold-dependent measure, we used True Skill Statistics (TSS) (Flueck,
1987; introduced to SDM by Allouche et al., 2006). In contrast to the AUC measure,
the TSS is used to convert a continuous prediction into a binary one (i.e., those areas
predicted as suitable versus not suitable for the species) and provides a measure of
map veracity.
TSS is defined as 1- maximum (sensitivity + specificity) where sensitivity and specificity are calculated on the probability threshold for which their sum is maximized
(Table 2 and eqn. 1). The TSS value can accommodate values between 0 and 1. This
has been suggested as an alternative to Cohen’s Kappa (Allouche et al., 2006) when a
threshold-dependent measure of performance is needed. TSS responds to species
prevalence differently than Cohen’s Kappa, but nonetheless, the statistic has been
shown to be negatively related to prevalence (Allouche et al., 2006). This method outperformed other techniques in recent comparisons of threshold methods (JiménezValverde & Lobo, 2007). TSS was calculated using the MaxSens+Spec argument incorporated in the ‘PresenceAbsence’ library (Freeman &Moisen, 2008b). Sensitivity
and Specificity are derived from the confusion matrix (Table 3, Eqn. 1). Consequently,
TSS assesses both omission and commission errors. In detail, sensitivity is the proportion of observed presences that are predicted as such, and therefore quantifies
omission errors (false negative error rate). Specificity is the proportion of observed
absences that are predicted as such, and therefore quantifies commission errors (false
positive error rate). Sensitivity and specificity are independent of each other when
compared across models, and are independent of prevalence (( a + c )/ n, where n
equals the total number of sites in which the species was recorded as present;
Allouche et al., 2006).
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Table 3: A confusion matrix used to evaluate the predictive performance of presenceabsence models, showing the cross-tabulation of observed and predicted values as a
two-by-two contingency table.
Validation dataset

Model

Presence

Absence

Presence

TP (true positive)

FP (false negative)

Absence

FN (false negative

TN (true negative)

For a 2 x 2 confusion matrix TSS is defined as:
𝑇𝑆𝑆 =

𝑇𝑃 ∗ 𝑇𝑁 − 𝐹𝑃 ∗ 𝐹𝑁
= 𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 + 𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 − 1
(𝑇𝑃 + 𝐹𝑁)(𝐹𝑃 + 𝑇𝑁)

Eqn. 1
Furthermore we calculated explained variance of the training dataset. With Pearson’s correlations the coefficient (rp), between the predicted and observed values for
B. utilis were calculated. To account for the goodness-of-fit of the models, we used
explained deviance, which is calculated as the quotient of the residual deviance and
the deviance of the null model subtracted from 1. For models performing better than
the null model, values range from 0 to 1, whereas 1 is the value of the best model.
Furthermore slope and intercept of the calibration curve were calculated to examine
overfitting of the models. Optimally calibrated models feature a calibration curve with
intercept 0 and slope 1 (Reineking & Schröder, 2006).
All performance measures were calculated on training and testing datasets and averaged respectively. Results yielding any presumptions of the models are shown in
Table 3.
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Model comparison
To compare the geographic extent and frequency distribution of the predictions in the
GLMs, the consensus maps of the predicted probability of species presence for each
raster cell of the study region were converted into binary "presence-absence"-maps,
above their respective TSS threshold. Finally, we compared our current projection
with the landmark work of Schweinfurth (1957), who provided the first detailed vegetation map of the Himalayan mountains (hereafter Schweinfurth map), in order to
quantify differences between the current potential and previous real distribution of
B. utilis. The Schweinfurth map summarizes the 1950s’ state of knowledge of Himalayan vegetation distribution. It is based on an extensive literature survey, viz. on available published records up to 1956, complemented by all other reliable sources available such as unpublished diaries, personal communications, photographs, maps, etc.
Despite showing some “white areas” it is still the most detailed vegetation map of the
entire Himalayan region.
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Results

Climatic Variables
After prior-modelling examinations (i.e., multi-collinearity), five variables were selected out of twenty four potential predictor variables for modelling the potential distribution of B. utilis. These variables were Temperature Annual Range, Mean Temperature of the Wettest Quarter, Precipitation Seasonality, Precipitation of Coldest Quarter and Average Precipitation of March, April and May (Fig. 16).

Fig. 16: Climatic variables used for modelling the potential distribution of Betula utilis.

77

Original publications
The results of the final, averaged model revealed that variable importance varied
between the predictor variables. Response curves of selected predictor variables
were used to quantify the climatic niche of B. utilis (Fig. 17). Highest relative variable
importance was found for Mean Temperature of Wettest Quarter, followed by Precipitation of Coldest Quarter. High relative variable importance was also ensued for Temperature Annual Range, followed by the Average Precipitation March-May, whereas
lowest value was found for Precipitation Seasonality. Mean Temperature of Wettest
Quarter showed a close-to-normal with a bell-shaped distribution. Precipitation Seasonality and Precipitation of Coldest Quarter show unimodal response curves,
whereas Temperature Annual Range and Average Precipitation of March, April and
May show sigmoidal response curves.

Fig. 17: Averaged response curves of the variables used in the generalized linear models to model the potential distribution of Betula utilis. Grey-shaded areas represent
the confidence interval of the predicted probabilities. Response curves do not account
for interactions between the variables.
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Model calibration and evaluation
The results of all model performance measures are given in Table 4. The calculation
of explained variance revealed that our model explained 84 % of the variance in the
training dataset. Training and Testing models showed a clear correlation of the predicted and observed values ranging from rp 0.85 to 0.88 respectively. Explained deviance was moderately high for the subsets. Calculation of slope and intercept of the
calibration curve revealed an optimal fit of the models.

Table 4: Evaluation results for generalized linear models (averaged from 5 runs) on
the selected predictor variables. Following evaluation metrics were calculated: The
Explained Variance on the training dataset [%]), Pearson’s correlation coefficient (rp)
between observed and predicted values, the Area under the Curve (AUC), True Skill
Statistics (TSS), Explained Deviance, the Slope and Intercept of the calibration curve.
The results for training and test data are displayed respectively (training 80% and
testing 20% of the data).
Explained
variance

Correlation
rp

AUC

TSS

Explained Deviance
Slope

Intercept

Model

Train

Train

Test

Train

Test

Train

Test

Train

Test Train Test

Train

Test

GLM

0.84

0.88

0.85

0.99

0.98

0.92

0.89

0.76

0.73 0.97

-0.01

-0.08

0.83

The threshold-independent “Area Under the Curve” (AUC) of the receiver-operating characteristic (ROC) plot approach was very high (AUC = 0.99 AUC SD = 0.00163)
for the training dataset as well as for the testing dataset (AUC = 0.98, AUCSD = 0.0041).
Continuous predictions of the current distribution of B. utilis are displayed in Fig. 18.
In order to assess model quality, the continuous maps were converted to binary
distribution maps, using the threshold-dependent measure TSS. In order to obtain binary distribution maps, continuous maps were thresholded at the averaged optimal
threshold (0.088). Confusion matrices of the final model (Supplementary material S4,
Table S4) were then used to calculate the True Skill Statistics. The calculated TSS
showed high value (TSS ≥ 0.89). The binary distribution map is shown in Fig. 19.
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Fig. 18: Continuous predictions of the current distribution of Betula utilis predicted
by all 5 model runs. For larger maps see Supplementary material S5, Fig. S5.

Model comparison
After converting the predictions from continuous to binary, the suitable habitat area
was predicted to be much larger in the western and central region of the Himalayan
mountain system compared to the eastern region.
In a final step we compared the Schweinfurth map (Schweinfurth, 1957) with our
current prediction to detect differences between the real distribution of B. utilis in the
1950s and the current potential distribution (Fig. 19). The Schweinfurth map shows
patches (red) where B. utilis is the dominant treeline species in the uppermost subalpine forests. In the Indian western Himalaya (Himachal Pradesh, Uttarakhand), the
uppermost limit of the distribution range of B. utilis (red) predicted by the models
roughly coincides with the vegetation map. In western and central Nepal and in Bhutan, however, the predicted high altitude occurrences are considerably higher than
the distribution depicted in the Schweinfurth map. In the eastern Himalayan mountains (eastern Nepal and south-east Tibet), the Schweinfurth map shows patches of B.
utilis as a prominent treeline species which are located in some instances above the
predicted distribution range of the model.
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Fig. 19: Geographic extent of regions predicted as the potential distribution of Betula
utilis (green) thresholded at True Skill Statistics (TSS ≥ 0.89) and distribution of B.
utilis according to the Schweinfurth vegetation map (red) (Schweinfurth, 1957). For
larger maps see Supplementary material S6, Fig. S6.

81

Original publications
Discussion

Climatic space of B. utilis in the Himalayan region
We found three precipitation- and two temperature-related variables most important
for predicting the potential distribution of B. utilis (Fig. 17). Mean Temperature of the
Wettest Quarter and Temperature Annual Range were most significant among the
temperature-related variables. Much lower growing season temperatures (i.e., Mean
Temperature of the Wettest Quarter) in the E Himalayan mountains contribute to the
lower seasonal temperature variation which favours evergreen Rhododendron
treeline species and obviously constrains the capabilities of B. utilis to preoccupy its
potential distribution range (Fig. 16). Notwithstanding the higher competitiveness of
evergreen treeline tree species in the more oceanic E Himalaya, both evergreen and
deciduous tree species are affected by direct growth limitation (sink limitation) due
to low growing season temperatures at treeline elevations (Shi et al., 2008).
Furthermore, the amplitude of the highest average summer temperature (June)
and the lowest average winter temperature (January) for species occurrence locations were of great importance. This reflects seasonal temperature variation having a
significant effect on the occurrence of B. utilis (Fig. 16 and 17). The seasonal temperature amplitude decreases towards the more oceanic eastern Himalaya where we detected striking differences between the potential and real distribution of B. utilis (Fig.
18). In the E Himalaya, the birch becomes less competitive and is ousted by coniferous
and in particular by evergreen broadleaved species (Rhododendron spp.) as principal
treeline species (Schickhoff, 2005). Higher degree of continentality in the W and NW
of the Himalayan mountain system with higher mean temperatures of warmest
months and severe winter coldness at treeline elevations lowers the competitive capacity of Rhododendron spp. and favours the competitiveness of B. utilis and the realisation of its climatic niche (Fig. 16). Although mean summer temperatures are distinctly higher in the more continental W and NW Himalaya, the treeline birch belt is
located at much lower elevations (3600-3800 m) compared to treelines in the E Himalaya with uppermost birch occurrences around 4500 m (Schickhoff, 2005; Schickhoff
et al., 2015). This has to be attributed to very low winter temperatures (-13 °C mean
temperature of coldest month at 3900 m in the Karakorum compared to -4 to -5 °C at
3900 m in SE Tibet and Yunnan; Schickhoff, 2005), long duration of massive snow
cover, and shorter growing seasons which more than compensate for the effects of
higher summer mean temperatures.
While growing season air and soil temperatures are considered key factors controlling tree growth at treelines and elevational position of treelines at the global scale
(Holtmeier, 2009; Körner, 2012), precipitation and related factors such as soil moisture and soil nutrient availability can be significant at regional and local scales (e.g.,
Müller et al., 2016 a, b). Thus, precipitation-related variables potentially limit the climatic space of treeline tree species.
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We found significant influence of three precipitation-related variables (Precipitation of the Coldest Quarter, Average Precipitation of March, April and May, and Precipitation Seasonality) for estimating the climatic space of B. utilis. The results of our
study highlight the importance of the variable Precipitation of the Coldest Quarter for
the distribution of B. utilis. Averaged over all occurrence locations, the period from
November to January was identified as the coldest quarter. Winter precipitation in
form of snow represents the annual second precipitation maximum in high elevation
areas of the Himalayan mountain system (Böhner et al., 2015). Higher winter snowfall
in the more continental western parts of the Himalayan region obviously contributes
to increased birch occurrences compared to the eastern Himalaya (Fig. 16). The importance of snowpack as site factor for treeline birch forests was already stressed by
Schweinfurth (1957), Champion & Seth (1968), Stainton (1972), Herzhoff & Schnitzler (1981), Puri et al. (1989), Dickoré & Nüsser (2000), and Eberhardt (2004). Troll
(1939, 1967) highlighted the physiognomic adaptation of B. utilis to thick snowpack
(snow-deformed trunks). Based on vegetation analyses in the W Himalaya and Karakorum, Schickhoff (1993, 2002) concluded that the distribution pattern of B. utilis
forests is primarily controlled by thickness and duration of snow cover providing sufficient soil moisture at the beginning and at the end of the growing season, and that
monsoonal summer rains, on the other hand, are of much less significance. Miehe et
al. (2015b) also emphasize the association with a long-lasting snow cover, but indicate very different proportions of winter snowfall and monsoonal rainfall B. utilis forests receive across their entire distribution range. Nevertheless, a higher preoccupation of the potential distribution range of B. utilis is obviously linked to a higher proportion of winter snowfall. Our findings suggest Average Precipitation March, April
and May to be a useful predictor variable to model the potential distribution of B. utilis. This accentuates the results of dendroecological studies (Dawadi et al., 2013; Liang
et al., 2014; Gaire et al., 2014; Schickhoff et al., 2015), which emphasized low moisture
availability in the pre-monsoon season as a significant site factor restricting the
growth performance of B. utilis. The coincidence of low precipitation, higher temperatures, and higher evaporation results in potential pre-monsoon drought stress for B.
utilis, that will amplify in coming decades due to high temperature trends in the premonsoon season for most of the Himalayan regions (Gerlitz et al., 2014). Although
March-April-May precipitation is low throughout the distribution range of B. utilis, a
certain level of pre-monsoon precipitation is obviously needed to ensure sufficient
soil moisture availability for the more hygrophilous birch, in particular in regions
where winter snowfall is lower and less melt water is available.
The significance of higher humidity levels and sufficient soil moisture availability
for the climatic space of B. utilis is evident from its small-scale distribution patterns.
Betula forests thrive on humid, shady slopes with deeply weathered podzolic soils,
and are more or less absent from south-facing slopes, in particular in the more continental W Himalaya (Schickhoff, 1993, 2002; Miehe et al., 2015b). Only occasionally
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birch individuals or patches of Betula trees are found in sunny exposures, most notably in the more humid E Himalaya, and when azonal site conditions (water surplus
habitats) can overcompensate the effects of high irradiation and soil moisture deficits.
In semi-arid to semi-humid Himalayan regions with long-lasting snow cover, northand south-facing slopes show sharp contrasts with regard to humidity and soil moisture conditions (Schickhoff, 2005). Considerable differences in irradiation intensity
may result in southern aspects below 3200 m becoming free of snow already in January, while snow cover lasts until May at same elevations on north-facing slopes
(Cramer 1997). We consider sufficient soil moisture availability to be crucial for defining the topo-climatically suitable habitat of B. utilis. The role of soil moisture for
distribution and growth performance is often underestimated, but was shown to be
significant for other tree genera and species near the warmer edge of their suitable
range (Bonan & Sirois, 1992 for Picea mariana; Fang & Lechowicz, 2006 for Fagus;
Ranjitkar et al., 2014 for Rhododendron).
The last precipitation-related variable we found having an impact on the potential
distribution of B. utilis is Precipitation Seasonality, which refers to the variation in
monthly precipitation sums over the course of the year, expressed as percentage. Species distribution can be strongly influenced by the variability of precipitation. The median value of 97 indicates a high degree of precipitation variability due to the seasonal
contrasts of a monsoon-influenced climate (Fig. 15; Supplementary material S3, Table
S3a and S3b).
Summing up, the climatic space for B. utilis was well identified by our environmental niche model, and the projection to geographic space coincides closely with the current distribution of the species throughout the Himalayan mountains. Since this distribution largely represents climatic conditions in treeline ecotones, the results of our
study provide insights into underlying climatic factors which might to a certain extent
also delimit suitable habitats for other Himalayan treeline-forming tree species.

Performance of the modelling procedure
The predictive uncertainty associated with one evaluation metric can be reduced by
comparing a variety of metrices. In order to define the environmental niche of B. utilis
we modelled the climatic space of the species and projected the results in geographic
space to predict the potential species distribution. We assessed model accuracy and
prediction success by threshold-independent (i.e., AUC) and threshold-dependent
(i.e., TSS) model performance measures. We found very high AUC values (AUC ≥ 0.98)
for continuous projections (Fig. 18). Recent research suggested AUC being a questionable measure of model performance (Lobo et al., 2008; Warren & Seifert, 2011), as it
does not reflect absolute, but relative model performance. Thus, it is only valid and
useful for comparison among models for a single study species in a single study region
(Peterson et al., 2011). Subsequently, the maps showing the predicted probability of
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species presence for each raster cell were converted into binary ‘presence - absence’maps, using the threshold-dependent measure of the TSS. The TSS value for the final
model was high (TSS = 0.89), assuming a high predictive performance.

Geographic projection of B. utilis
We conducted visual inspections of the predictions of the model to observe whether
the model successfully predicted the species’ realized distribution throughout the entire Himalayan mountain system. According to the authors’ local field knowledge, the
model predictions match the actual existing distribution range of B. utilis to the greatest possible extent. To interpret these findings, we investigated the binary species distribution maps (Fig. 19). B. utilis covers a notable environmental niche width across
the entire Himalayan arc. The projections of the modelling results show that the most
favourable conditions are located in the upper subalpine belt in the western and central Himalayan region where climatic conditions show a comparatively higher degree
of continentality. This is consistent with the distribution pattern documented in several vegetation maps showing a narrow band of birch forests forming the upper
treeline in northern exposures (Troll, 1939; Schweinfurth, 1957; Miehe, 1991; Schickhoff, 1994; Braun, 1996; Nüsser & Dickoré, 2002; Eberhardt et al., 2007). Towards the
eastern Himalaya, where more maritime climatic conditions favour the competitiveness of evergreen Rhododendron spp., B. utilis becomes a less frequent companion in
subalpine forests and at treelines (Schickhoff, 2005).
The comparison of our predictions with the Schweinfurth map showed remarkable
deviations in the distribution range of B. utilis, especially in the central part of the
Himalayan mountains (Fig. 19), where the B. utilis is now predicted to occur at higher
elevations compared to the real occurrence in the first half of the twentieth century.
As the Schweinfurth map is based on an extensive literature survey, it cannot completely ruled out that there is some noise in the underlying data due to inaccurate
altimetry (in particular in the E Himalaya with high elevation Betula occurrences) or
sampling location errors. However, a much more likely explanation is that this finding
has to be attributed to land use effects. Animal husbandry, timber logging, fuelwood
collection and the like have been integral parts of village economies for centuries, if
not millennia. Thus, treeline ecotones have been transformed to a large extent, and
the far majority of Himalayan treelines is considered to be anthropogenic (Schickhoff
et al., 2015). Treeline depressions on north-facing slopes can be in the order of 300
m, with overgrazing and fire having been the main agents for lowering treelines
(Schickhoff, 1995; Beug & Miehe, 1999). The difference between the modelled distribution range and the Schweinfurth map occurrence of B. utilis reflects large-scale,
long-term anthropogenic interferences in Himalayan treeline landscapes. Effects of
climate warming could also play a role since the distribution range of B. utilis is projected to shift upslope in coming decades (Schickhoff et al., 2015). Upslope movement
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of anthropogenic treelines is, however, primarily a response to the cessation of land
use. The few remaining near-natural krummholz treelines in the Himalaya are still
relatively unresponsive to climate warming, suggesting treeline advance to higher elevation to be a medium- to long-term process (Schickhoff et al., 2016; Schwab et al.,
2016).

Problems/ Limitations of our approach
Currently, modelling studies are often based on presence-only species occurrence
data instead of presence-absence data, which are always a source of uncertainty.
These presence-only data are often derived from databases of natural history museums and herbaria, which contain occurrences from numerous researchers, sampled
with different techniques, intensities and periods of time (Soberón & Peterson, 2004).
Sometimes, areas have been unequally sampled or occurrence data have been inaccurately georeferenced, resulting in occurrences of species with sampling bias. Such geographic sampling bias can lead to sampling bias in environmental space, which represents a major problem for modelling (Veloz, 2009; for the effects of sampling bias
on model evaluation: Anderson & Gonzalez, 2011). We tried to overcome this problem
by spatially filtering occurrence points (i.e., only one point per 1 x 1km grid cell). But
not only presences are a source of uncertainties, also the absence points of species
have to be carefully inspected. Although presence-absence data from planned surveys
are highly requested, high quality presence-absence data are available only for very
few species worldwide. Models using presence-absence data have proven to be of
great value in predicting species distributions (Guisan et al., 2002; Thuiller et al.,
2008). If true absences are not available, pseudo-absences must be generated. The
selection of pseudo-absences involves a certain degree of uncertainty, which may lead
to over- or underestimated predictions. Based on our results, we do stress the need
for incorporating true absences in ENMs. Furthermore, biased climate data can lead
to distorted models (Heikkinen et al., 2006). These geographic and environmental biases are contrary to the assumption of many modelling techniques, viz. that the localities represent a random sample from the area being modelled (Phillips et al., 2006).
Finally, it should be noted that the actual distribution range might presumably be
smaller than indicated by our models, because climatic factors are not the only factors
determining habitat suitability. Although not considered in this study, interactions of
a whole array of site factors such as topo-climate (radiation, temperature, precipitation, length of growing season, and snow cover), topography (slope inclination, relief
forms), ecology of tree species (regeneration, seed dispersal, succession stages), site
history (climate oscillations, fire, human impacts, insect attacks), current biotic
(browsing, trampling, diseases and insect pests) and anthropogenic influences (burning, logging,grazing, recreation and tourism) affect treeline species spatial distribu-
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tions (Schickhoff, 2005; Holtmeier, 2009). In mountainous areas the resolution of climate data (i.e., 1 x 1km) is often too coarse for models to distinguish between northand south-facing slopes. We hereby emphasise the need for fine-scale climate data in
order to account for the heterogeneous terrain, leading to more precise modelling results.

Conclusions
The distributional range of B. utilis was found to be primarily associated with thermal
(Mean Temperature of the Wettest Quarter and Temperature Annual Range) and precipitation-related factors (Precipitation of the Coldest Quarter, Average Precipitation
of March, April and May, and Precipitation Seasonality).
The application of our environmental niche modelling approach with appropriate
model evaluation measures for assessment of model performance provided the current distribution range of B. utilis. The robustness of the results increased significantly using multi-faceted approach of model performance evaluation.
The results of our study, which account for underlying climatic factors in mountain
ecosystems, may serve as a baseline for the exploration of potential impacts of climate
change on future treeline species distribution in regions with limited data availability.
The results will enhance the quantification of altitudinal shifts and other analyses of
spatial pattern dynamics in mountain ecotones, which will be of increasing significance with regard to future climate change. We expect to provide a new starting point
for modelling future treeline dynamics and treeline shifts in the Himalaya under novel
climate conditions.
Our results point to the need for further investigations of relevant abiotic and biotic
factors for species’ occurrences and range shifts such as soil parameters and anthropogenic impacts at different temporal and spatial scales. In conclusion, a better understanding of potential ranges of alpine treeline species is supported by our model
results which may also provide insights for decision makers in climate change adaptation and biodiversity conservation.
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Abstract

Betula utilis is a major constituent of alpine treeline ecotones in the western and central Himalayan region. The objective of this study is to analyse for the first time the
performance of different climatic predictors in modelling the potential distribution of
B. utilis in the subalpine and alpine belts of the Himalayan region. Using Generalized
Linear Models (GLM) we aim at examining climatic factors controlling the species distribution under current climate conditions. We evaluate the predictive ability of climate data derived from different statistical methods. GLMs were created using least
correlated bioclimatic variables derived from two different climate data sets: 1) interpolated climate data (i.e., WORLDCLIM; Hijmans et al., 2005), and 2) quasi-mechanistical statistical downscaling (i.e., CHELSA; Karger et al., 2016). Model accuracy was
evaluated using threshold-independent (Area Under the Curve) and threshold-dependent (True Skill Statistics) measures. Although there were no significant differences between the models in AUC, we found highly significant differences (p ≤ 0.01)
in TSS. We conclude that models based on variables of CHELSA climate data had higher
predictive power, whereas models using WORLDCLIM climate data consistently overpredicted the potential suitable habitat for B. utilis.
Although climatic variables of WORLDCLIM are widely used in modelling species distribution, our results suggest to treat them with caution when topographically complex regions like the Himalaya are in focus. Unmindful usage of climatic variables for
environmental niche models potentially causes misleading projections.
Keywords: CHELSA, Betula utilis, model evaluation, predictive modeling, WORLDCLIM
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Introduction
The aim of modelling species potential distribution is to characterize suitable habitat
conditions, based on climatological, environmental and biotic correlates (Soberón &
Namakura, 2009). The general approach is to link species occurrences with climatic
and topographic variables to estimate the species distribution range, since habitat
suitability is considerably influenced by the prevailing climate (Pearson & Dawson,
2003). It is assumed that a species occurs within a climatic range determined by its
climatic needs within a range of spatial scales (Trivedi et al., 2008).
Within the scope of modelling species niches or distribution, modelling studies face
numerous challenges. Not only the choice of modelling algorithm is subject to numerous sources of uncertainties (Elith et al., 2006; Aráujo & New, 2007), but also the data
used for modelling. Models using presence-absence data have proven to be of great
value in predicting species distributions (Guisan et al., 2002; Thuiller et al., 2008), but
this data is often not available. Other elements of uncertainties in modelling species
distribution are attributed to sample design, sample size, species prevalence, sample
resolution, study area extent and the like (for detailed discussion see Franklin, 2009).
Further challenges arise from the spatial structure of species occurrence data that
may be collinear with environmental data (Araújo & Guisan, 2006; Loiselle et al.,
2008, Naimi et al., 2013). Sometimes, areas have been unequally sampled due to differential accessibility of a study area, resulting in occurrences of species with sampling bias. Sampling records often cluster near the centre of climatic conditions under
which the species occurs (Loiselle et al., 2008). This leads to species documentations
that do not cover the whole range of suitable habitat conditions for respective species.
Such geographic sampling bias can lead to sampling bias in environmental space,
which represents a major problem for modelling (Veloz, 2009; for the effects of sampling bias on model evaluation see Anderson & Gonzalez, 2011). This holds particularly true for sampling treeline species in remote areas like the Himalayan region. Due
to lower accessibility of treeline sites, the number of available sampling plots is
sparse, which has a reciprocal effect on prediction performance (Aráujo et al., 2005).
Araújo & Guisan (2006) found that models tend to predict species occupying a narrow
niche better than species with a wider niche.
The underlying concept of most modelling studies is the prediction of species distribution ranges using climatic variables. The choice of environmental variables used
to model species distributions may result in different distribution maps for the same
species (Luoto et al., 2007). Whereas multi-collinearity and spatial autocorrelation of
predictors are subject in numerous studies (Dirnböck & Dullinger, 2004; Dormann et
al., 2007, 2013; Braunisch et al., 2013), and extensive care is taken in selecting uncorrelated predictor variables, differences in model performance arising from available
climate data sets remains largely out of focus in most studies.
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Biased climate data can lead to distorted models (Heikkinen et al., 2006). Geographic and environmental biases are contrary to the assumption of many modelling
techniques that localities represent a random sample from the area being modelled
(Phillips et al., 2006). In many cases, freely available gridded climate data sets do not
satisfy the requirements of ecological climate impact studies, and complicate the investigation of climate ecosystem interactions (Soria-Auza et al., 2010).
In the last decade, WORLDCLIM (Hijmans et al., 2005) has been the most prominent
global climate data set. Especially in Europe and Northern America, WORLDCLIM shows
high accuracy (Hijmans et al., 2005), and is used in numerous biogeographical studies
(Elith et al., 2006; Hijmans & Graham, 2006; Broennimann et al., 2012). WORLDCLIM
has also been used to model species distributions in the Himalayan region (Forrest et
al., 2012; Liu et al., 2017), the accuracy, however, needs to be evaluated. Bobrowski
et al. (2017) pointed out some drawbacks, related to the usage of WORLDCLIM.
WORLDCLIM represents a simple interpolated climate data set, which regionalizes
monthly observations of precipitation and temperature based on a weighted linear
regression approach, using latitude, longitude and elevation as predictor variables.
Despite the high spatial raster resolution (i.e., 1 x 1 km), WORLDCLIM ignores atmospheric processes at local scale which are essential for the formation of site-specific
topoclimatic conditions in high mountain environments. Many studies show that local-scale atmospheric conditions are highly influenced by the underlying terrain. Anisotropic heating at different slope positions as well as cold air drainage and pooling
in mountain valleys during autochthonous weather conditions result in a complex
temperature pattern, which distinctly modifies the distribution of plant communities
(Bobrowski et al., 2017). The spatial pattern of precipitation is affected by wind- and
leeward slope positions, with hyper-humid climate conditions at the southern declivity of the Himalayan range and semi-arid to arid conditions in the Trans-Himalayan
valleys.
Since 2016, a new fine-scale (i.e., 1 x 1 km), long-term climate raster data set with
global coverage called CHELSA (Climatologies at high resolution for the earth’ land surface areas) is available (Karger et al., 2016). CHELSA was compared and evaluated with
three climate data sets (i.a. WORLDCLIM), and showed similar performance for temperature, but higher performance for prediction of orographic precipitation patterns
(Karger et al., 2016). Both climate data sets use the same raw data to produce the
same bioclimatic raster-layers. However, CHELSA represents the first global climate
data set based on statistical downscaling, whereas WORLDCLIM is based on interpolation.
To date, there are only very few studies aiming at comparing and evaluating modelling results obtained by different (e.g., climate data sets (comparison of SAGA and
WORLDCLIM in Soria-Auza et al., 2010 using Böhner, 2006 and Hijmans et al., 2005).
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Comparative studies, which evaluate the performance of ecological niche models using different global climate data sets for modelling the potential distribution of Himalayan treeline tree species’ or other Himalayan vascular plant species’ do not exist.
We selected the treeline-forming species Betula utilis as a target species since an improved accuracy in modelling the current distribution is a precondition for a more
precise modelling of potential range expansions of treeline trees under climate
change conditions (Schickhoff et al., 2015).
In order to investigate the impact of each climate data set we compared the predicted current distribution of B. utilis in the Himalayan region. We applied Generalized Linear Models, using each climate data set respectively, to model the distribution
range and compare and evaluate projected distribution range maps. We hypothesized
that there will be discrepancies in the predictions of the two climate data sets. We
assume a higher prediction accuracy of CHELSA because of its capability to reflect
mountain-specific climatic conditions, in particular in terms of precipitation-related
variables.

Material and Methods

Study area and species data
The Himalayan mountain system is located between the Tibetan Highland in the north
and the Indo-Gangetic plains in the south, and extends from Afghanistan in the northwest (c. 36 °N and 70 °E) to Yunnan in the southeast (c. 26 °N and 100 °E). It is a vast
mountain region, covering an area of more than 1.000.000 km2, with a length of c.
3000 km (Pakistan to SW China) and a maximum width of 400 km.
The Himalayan mountains show a distinct three-dimensional geoecological differentiation, with complex topography and high variation of climatic and edaphic conditions. The climate ranges from tropical in the Indo-Gangetic plains to permanent ice
and snow at highest elevations, and from more continental in the NW to more oceanic
in the SE (Troll, 1972; Zurick & Pacheco, 2006). The distribution range of Betula utilis
extends across the Himalayan range from Afghanistan to SW China, with the total elevational range extending from 2700 to 4500 m (Polunin & Stainton, 1984). B. utilis
was selected as a study species due to its status as a principal broadleaved treeline
species in the western and central Himalaya. The Himalayan birch mainly grows on
north-facing slopes in shady locations. In the NW Himalaya, B. utilis is widely distributed between 3100 and 3700 m, while the range shifts to higher elevations towards
the E Himalaya (mainly between 3800 and 4300 m; own database). B. utilis grows in
mixed forests with conifers and rhododendrons and forms a narrow forest belt between coniferous forests below and a krummholz belt above (for associated tree species see Schickhoff, 2005, Miehe et al., 2015). Pure birch stands with Rhododendron
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campanulatum and Sorbus microphylla in the understory are often found at the uppermost limit of subalpine forests (Schickhoff et al., 2015).
Presence-only occurrence data of B. utilis were accessed via the Global Biodiversity
Information Facility (gbif.org). The database hosts 215 geo-referenced records
(1970-2016) without any known coordinate issues for our study region. 202 records
were added from a database compiled from a literature survey (Schickhoff, 2005; unpublished data). Additionally, we extracted 327 records from freely available satellite
images (GoogleEarthTM, ver. 7.1.1.1888, Google, 2015) and added them to the dataset.
Extractions from GoogleEarth have been shown to be useful in global treeline research (Paulsen & Körner, 2014; Irl et al., 2015). These occurrence localities were validated through expert knowledge, obtained from numerous field visits in the Himalayan region. To reduce spatial auto-correlation, only one occurrence point per grid cell
(i.e., 1 x 1 km) was considered, resulting in 590 occurrence points of B. utilis as a basis
for modelling the current distribution of this species (Fig. 20). Lowermost occurrence
records (e.g., in avalanche paths) were omitted since they do not represent the ‘zonal’
climatic conditions of the treeline birch belt. 6000 pseudo-absence points were generated (following the procedure for Generalized Linear Models described by BarbetMassin et al., 2012).

Fig. 20: Occurrences of Betula utilis in the Himalayan mountain system (N=590)

Selection of climatic variables and climate data sets
The aim of the study was to compare the performance of two different climate data
sets: 1) interpolated climate data (i.e., WORLDCLIM, Hijmans et al., 2005), and 2) quasimechanistical statistical downscaling (i.e., CHELSA, Karger et al., 2016). Based on the
gridded monthly fields of temperature and precipitation at a resolution of 30 arc seconds, we generated 19 climatic variables for each climate data set respectively. These
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climatic variables are widely used in species distribution modelling and represent annual characteristics (e.g., Mean Annual Temperature), seasonality (e.g., Annual Range
in Precipitation) and extreme environmental factors (e.g., Precipitation of Driest
Month) (Nix, 1986, Hijmans et al., 2005). In addition, the variables Average Precipitation of May and Average Precipitation of March, April and May were calculated in order to account for potential pre-monsoon drought stress (Liang et al., 2014; Schickhoff et al., 2015, 2016). Furthermore, we used a DEM (ngdc.noaa.gov; Global Land
One-Kilometer Base Elevation) to calculate slope angle and slope aspect using ArcGIS
(Version 10.1; Esri Inc. Redlands, CA, USA). In each climate data set we checked for
multi-collinearity among the variables using Spearman’s rank correlation, since high
collinearity might lead to low model performance and wrong interpretations (Dormann et al., 2007; 2013). We calculated pairwise correlations, resulting in a small set
of predictor variables (rs ≤ 0.7 according to Dormann et al., 2013) (see Fig. 21 for
selected variables, which represent general patterns and annual climatic variability,
and which we used for modelling).
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Fig. 21: Comparison of climatic variables used to model the potential distribution of
B. utilis in the Himalayan region for each climate data set respectively.
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Whereas WORLDCLIM consists of interpolated climate data, CHELSA climate data are
based on a quasi-mechanistical statistical downscaling of the ERA-interim global circulation model with GPCC and GHCN bias correction and a resolution of 30 arc s (for
details see Karger et al., 2016). Precipitation amounts, estimated under consideration
of orographic factors such as wind fields, valley exposition and boundary layer height,
showed high preciseness compared to precipitation data from other climate datasets
(for a comprehensive description see Karger et al., 2016).
Contrasts between selected variables of each climate data set are obvious from Fig.
21. For instance, a comparison of the Temperature Annual Range between the two
climate data sets reveals a higher temperature amplitude for CHELSA, whereas WORLDCLIM fails to predict the striking differences between the lowlands, the Himalayan arc
and the Tibetan plateau (e.g., exemplified within the borders of Nepal). Moreover,
Karger et al. (2016) found the same pattern for Mean Annual Temperature.
For the variable Mean Temperature of Wettest Quarter the predictions of both climate data sets were quite uniform (Table 5). Comparing Precipitation Seasonality, the
same pattern of artefacts in the WORLDCLIM predictions as in the case of Temperature
Annual Range is obvious. The distinction between the Himalayan range and the Tibetan plateau (e.g., western Nepal) is missing. Although distributions of predicted values differ in environmental space, maximum and minimum values show the same
range in climate space. According to the predicted Precipitation of the Coldest Quarter
(i.e., December, January and February), both climate data sets show low values for
most parts of the Himalaya. Nevertheless, CHELSA predicts higher values and larger
areas with winter precipitation (i.e., snow), whereas WORLDCLIM fails to predict winter
precipitation in the eastern parts of the arc. Average Precipitation of March, April and
May appears optically uniform, but CHELSA shows higher values for the eastern part of
the Himalayan region (Table 5).
Table 5: Descriptive statistics for the variables of both climate data sets respectively.
Annual Temp. Range [°C]
Mean Temp. Wettest Quarter [°C]
Precipitation Seasonality
Precipitation of Coldest Quarter [mm]
Precipitation March, April and May
[mm]
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CHELSAMax
47.8
30.2
158.1
494.3
678

WORLDCLIMMax
41.3
30.3
156
416
420

CHELSAMin
24.1
19.7
28.4
0.5
1.3

WORLDCLIMMin
16.2
12.9
32
0
2
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Comparison of climate data sets
To test for correlation between the variables of the two climate data sets, values for
each presence and pseudo-absence point were extracted and examined using Spearman’s rank correlation. To account for the effects of spatial autocorrelation, we applied Dutilleul (1993) correction for adjusted p values. To visualize geographical discordance between the two climate data sets, variables were intersected performing
cell by cell subtraction of CHELSA minus WORLDCLIM.

Modelling algorithm and evaluation
We used Generalized Linear Models (GLM) as they represent a classical and robust
approach to analyse presence and absence data (Nelder & Wedderburn, 1972; McCullagh & Nelder, 1989). The iterative weighted linear regression technique is used to
derive the maximum likelihood estimates of the parameters, with observations distributed according to an exponential family and systematic effects, which can be made
linear by suitable transformation (Nelder & Wedderburn, 1972). GLMs were calculated with binomial distribution, logit-link function and polynomial terms of second
order (Austin, 1999), but did not include interaction terms among predictor variables.
To calculate the final GLMs, step-wise variable selection in both directions (i.e., forward and backward) was applied, using the Akaike Information Criterion (AIC,
Akaike, 1974), resulting in the final and best model possessing the lowest value for
AIC (Burnham & Anderson, 2002, Guisan et al., 2002). For model validation, all presence and absence points were split into training and testing data samples with a ratio
of 80:20 percent using random stratified sampling (Kuhn & Johnson, 2013). This procedure was repeated five times, resulting in five versions of the model, which were
finally averaged. The trained GLMs were validated using statistical re-sampling techniques such as 10-fold cross-validation (Stone, 1974; Arlot & Celisse, 2010) in order
to decrease bias in measuring the predictive performance (Pearce & Ferrier, 2000).
The validated models were evaluated with the withheld testing data. In addition, we
calculated pseudo-R2 to account for explained variance in the dataset (Nagelkerke,
1991).
Due to the lack of an universally valid model evaluation measurement, it is essential to use more than one performance evaluation metric. We chose the Area Under
the Curve (AUC) of the Receiver Operating Characteristic (ROC) curve (Fielding &
Bell, 1997; Elith & Burgman, 2002) as a threshold-independent evaluation metric. As
threshold-dependent measure, we calculated True Skill Statistics (TSS) (Flueck, 1987;
introduced to SDM by Allouche et al., 2006) to convert continuous predictions, above
their respective TSS threshold (i.e., threshold that maximizes the sum of sensitivity
and specificity, for details see Freeman & Moisen, 2008) to binary distribution maps.
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Final projected maps include only grid cells predicted by all five model versions for
both climate data sets respectively).
To quantify differences between predicted values of the climate data sets, we applied Wilcoxon test statistics. To verify differences between the areas predicted as
suitable between the two climate data sets, final maps were intersected (i.e., cell by
cell subtraction of CHELSA minus WORLDCLIM) and the TSSMAP was calculated (Fig. 24).
In this study all statistical analyses were performed using the programming language R (R Core Team, 2015, version: 3.1.3).
All maps were created using ArcGIS (Version 10.1; Esri Inc. Redlands, CA, USA).

Results

Comparison between climate data sets
Correlations between corresponding climate variables yielded partially high correlation coefficients (Table 6). As for temperature-related variables, the highest correlation coefficient was found for Temperature of the Wettest Quarter (rs= 0.98, p ≤
0.001). For Temperature Annual Range the correlation coefficient was moderate, but
still highly significant (rs= 0.62, p ≤ 0.001). Regarding precipitation-related variables,
Average Precipitation of March, April and May yielded the highest correlation coefficient (rs= 0.76, p ≤ 0.001), followed by Precipitation of the Coldest Quarter (rs= 0.73,
p ≤ 0.001) and Precipitation Seasonality (rs= 0.62, p ≤ 0.001).

Table 6: Bivariate spearman’s rank correlation between the corresponding variables
of the two climate data sets. Degrees of freedom were corrected according to Dutilleul’s criterion (Dutilleul, 1993).
Climatic Variable

rs

p value

DF (Dutilleul's corrections)

Temperature Annual Range

0.62

≤0.001

21.67

Temperature Wettest Quarter

0.98

≤0.001

13.72

Precipitation Seasonality

0.62

≤0.001

16.00

Precipitation of Coldest Quarter 0.73

≤0.001

14.25

Precipitation March, April, May 0.76

≤0.001

31.85

To identify the areas of discrepancies, we produced maps of disagreement between
the climate variables (Fig. 22). For the variable Temperature Annual Range, CHELSA
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predicts almost everywhere higher values than WORLDCLIM. We detected extraordinary disagreement in the western parts of the study area and in western parts of Nepal. Mean Temperature of Wettest Quarter represents the variable that is almost identical between the two climate data sets (i.e., no major discrepancies (yellow)). Precipitation Seasonality shows two contrasting patterns with high values for the western
part of the Himalayas and central part of the Tibetan plateau (CHELSA) and higher values throughout the eastern Himalayan region (WORLDCLIM). Precipitation of the Coldest Quarter exhibits quite large areas with uniform agreement between the climate
data sets. However, disagreement is obvious at the margins of the study area, especially along the arc in the eastern part, with CHELSA predicting higher values for this
variable. The intersected map of Average Precipitation of March, April and May shows
a similar pattern.. CHELSA predicts higher values at the margins of the study area and
eastern part of Nepal, whereas WORLDCLIM predicts higher values on the Tibetan plateau and below the range in the western parts of the study area.
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Fig. 22: Maps of disagreement between CHELSA and WORLDCLIM for each variable used
in the modelling approach. Reddish colours represent higher values for CHELSA compared to WORLDCLIM, and greenish colours higher values in the WORLDCLIM data set.
Yellow implies no difference between the climate data sets. For colour-blind friendly
figure please see Supplementary material S7 Fig., S7.
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Modelling species distribution
The calculation of pseudo-R2 revealed for the CHELSA model 80.6 % explained variance, whereas for WORLDCLIM 67.7 % variance could be explained in the test dataset.
Due to high disagreement of some of the variables between the two climate data sets
(Fig. 21) and significant differences in explained variance of the models, high discrepancies in response curves of the models can be assumed. A comparison of response
curves of selected predictor variables of the two climate data sets showed distinctive
differences for most variables (Fig. 23).
For the variable Temperature Annual Range both climate data sets show concave
curves, whereas response types differed. CHELSA predicted a unimodal response, contrary to the sigmoidally switched response by WORLDCLIM. In addition, temperature
ranges differed. Both climate data sets showed a close-to-normal distribution for
Mean Temperature of Wettest Quarter, but CHELSA showed an optimum around 10°C,
whereas WORLDCLIM predicted a wider range of temperature with an optimum around
15°C. Striking differences in predicted probabilities were observed for Precipitation
Seasonality and Precipitation of the Coldest Quarter. CHELSA predicted a close-to-normal distribution and a sigmoid response curve, respectively, whereas predictions of
WORLDCLIM were inverted. The curve of CHELSA for Average Precipitation of MarchMay showed a sigmoidal response, while WORLDCLIM predicted a unimodal response
curve.
For models using CHELSA climatic variables, highest relative variable importance was
found for Mean Temperature of Wettest Quarter, followed by Precipitation of Coldest
Quarter, whereas lowest variable importance was found for Average Precipitation
March-May. By contrast, WORLDCLIM variables showed highest variable importance for
Temperature Annual Range, followed by Mean Temperature of Wettest Quarter. All
precipitation-related variables had much lower values for variable importance,
whereas the lowest value was found for Precipitation Seasonality.
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Fig. 23: Response curves for the climatic variables used for modelling the potential
distribution of Betula utilis, averaged over 5 model runs for each climate data set
(CHELSA left, and WORLDCLIM right) respectively. Grey-shaded areas represent the confidence interval of the predicted probabilities. Response curves do not account for interactions between the variables.
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Model evaluation and comparison
The threshold-independent “Area Under the Curve” (AUC) of the receiver-operating
characteristic (ROC) plot approach was very high for both climate data sets (CHELSA:
AUC = 0.98, AUCSD = 0.0041; WORLDCLIM: AUC = 0.97, AUCSD = 0.0093). Wilcoxon test
statistics revealed no significant differences in AUC values between the two climate
data sets (z = 2.0226, p = 0.0625).
Due to the fact, that the AUC does not represent a standardized measure of predictive accuracy, threshold dependent measures were calculated to assess model quality.
In addition, the threshold-dependent measure TSS was used to evaluate the prediction accuracy of the models and to convert the continuous maps into binary distribution maps. In order to obtain binary distribution maps, continuous maps were
thresholded at the averaged optimal threshold (0.15). Confusion matrices were then
used to calculate the True Skill Statistics. Despite high values of the calculated TSS for
both climate data sets, CHELSA gained a higher averaged TSS (TSS ≥ 0.93, TSSSD = 0.99) than WORLDCLIM (TSS ≥ 0.87, TSSSD = -0.99), binary distribution maps show noticeable differences (Fig. 24). Wilcoxon test statistics revealed high significant differences in the averaged TSS value between the models (z = -2.5236, p ≤ 0.01).
It is apparent, that the suitable habitat predicted by WORLDCLIM tends to be much
larger in the western and central region of the Himalayan mountain system compared
to the predictions of CHELSA, which shows a uniform distribution along the Himalayan
arc (Fig. 24). However, areas predicted as potential habitat of B. utilis in the eastern
part of the study area are practically absent in the WORLDCLIM projection (Fig. 24). The
calculated TSS for the intersected area revealed excellent model prediction accuracy
(TSSMAP= 0.9).
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Fig. 24: Intersection of binary projections by both climate data sets (areas predicted
by CHELSA climate data = red; areas predicted by WORLDCLIM climate data= blue; areas
predicted by both climate data sets= green). For colour-blind friendly figure please
see Supplementary material S8 Fig. S8.

Discussion

Comparison of the climate data sets
In ecological niche modelling, the evaluation of model performance using different
climate data sets has rarely been addressed so far. This study compares for the first
time CHELSA and WORLDCLIM climate data to model the potential distribution of B. utilis
in the Himalayan region. Unlike CHELSA, which only recently became available (Karger
et al., 2016), WORLDCLIM climate data (Hijmans et al., 2005) have been widely used
(6284 citations in ISI Web of Knowledge in February 2017), usually yielding reliable
results (Elith et al., 2006; Pearman et al., 2008; Casalegno et al., 2010). Especially in
Europe, North America and in some tropical areas, where the density of climate stations is higher than in South America, Africa and Asia, the accuracy of WORLDCLIM has
been evaluated (see Fig 1a-c in Hijmans et al., 2005). Despite different methods of
computation, CHELSA and WORLDCLIM contain disparities, some of which may be of extraordinary importance for vast mountain systems like the Himalaya.
In topographically complex areas like the Himalayas, climate stations are quite rare
due to rough terrain and complicated accessibility. This leads in turn to a poor data
basis for calculating climate data sets compared to other more accessible terrain. In
addition, climate stations are prevailingly located near settlements at lower elevations, where climatic conditions are most suitable for habitation, livestock farming
and agriculture. Those climate stations are not representative for climatic conditions
at higher elevations. Despite the high spatial raster resolution of approximately 1km²,
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the WORLDCLIM climate data set neglects local-scale atmospheric processes which
cause site-specific topoclimatic conditions in high mountain environments. For instance, anisotropic heating at different slope positions as well as cold air drainage and
pooling in mountain valleys during autochthonous weather conditions result in a
complex temperature pattern, which may distinctly modify the distribution of vegetation types.
A comparison of temperature data sets yielded the result that CHELSA can keep up
with competing data sets (i.a. WORLDCLIM) (Karger et al., 2016). Correspondingly, the
comparison of temperature-related variables (e.g., Temperature of Wettest Quarter)
between the two climate data sets shows high consistency (Fig. 22). Temperature is
strongly negatively correlated with altitude (except for cold air inversions in winter
months), allowing little room for variation in regional-scale climate data sets (SoriaAuza et al., 2010, Karger et al., 2016).
A different picture emerges for precipitation patterns, which are influenced by a
variety of factors like wind currents, topography, the diurnal cycle of solar radiation
that changes air pressure and therefore causes differential precipitation along altitudinal gradients (forcing factors in regional circulation models). Such complex interactions cause a more irregular spatial pattern of precipitation in mountain regions
that is not directly correlated to either latitude or altitude. Dissimilarities in patterns
of cloud formation become apparent between CHELSA and WORLDCLIM (Karger et al.,
2016). In complex topographic terrain, a high correlation between the formation of
clouds and precipitation patterns is assumed by Karger et al. (2016), who claim that
CHELSA is capable of capturing the topographic heterogeneity of precipitation at small
spatial scales. They also compared the mean annual precipitation sums between numerous climate data sets. In summary, CHELSA shows a more consistent relation between the terrain and the resulting precipitation patterns, whereas the algorithm of
WORLDCLIM produces flawed correlations between elevation and precipitation (Karger
et al., 2016). Generally, CHELSA predicts higher precipitation amounts compared to
WORLDCLIM (cf. Fig. 3 in Karger et al., 2016). Regarding precipitation-related variables
in our study (e.g., Precipitation of the Coldest Quarter and Average Precipitation of
March, April and May) higher values could be confirmed for CHELSA compared to
WORLDCLIM (Fig. 22). Throughout the Himalayan region, precipitation is highest during the summer monsoon, when moisture-laden air currents are forced to rise at the
Himalayan arc and release rainfall until they reach the Tibetan plateau. Clear differences were visible at microscale: WORLDCLIM predicted wet valleys and dry slopes,
whereas CHELSA predicted dry valleys and orographic precipitation at higher-elevated
wind-exposed slopes (Karger et al., 2016). However, CHELSA predictions corresponded closely with the observed distribution of clouds in the area, which shows
lower cloud cover in the isolated mountain valleys compared to the wind-exposed
slopes of the southern declivity (Karger et al., 2016).
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Modelling the ecological niche of Betula utilis
The distributional range of B. utilis was found to be primarily associated with thermal
(Temperature Annual Range and Mean Temperature of the Wettest Quarter) and precipitation-related factors (Precipitation Seasonality, Precipitation of the Coldest
Quarter and Average Precipitation of March, April and May). For detailed discussion
on variable interpretation see Bobrowski et al., 2017.
Although WORLDCLIM climate data have been used to model species in the Himalayan region (Forrest et al., 2012), no comparative studies exist yet. Furthermore, there
are hardly any studies investigating the current distribution of B. utilis. Singh et al.
(2013) modelled the distribution of B. utilis in Uttrakhand, India, using WORLDCLIM
climate data. The performance of different modelling techniques was evaluated for
modelling i.a. B. platyphylla in China with WORLDCLIM climate data (Duan et al., 2014).
Song et al. (2004) modelled current and future distribution of B. platyphylla on the
Tibetean plateau using PRISM climate data (Daly et al., 2000; Daly et al., 2002). To
date, hardly any modelling studies focusing on treeline tree species have been conducted in the Himalayan region, although investigating the response of Himalayan
treelines to climate change is a very active research field (Schickhoff et al. 2015,
2016).
Apart from a lower fit of the GLMs using WORLDCLIM climate data compared to
CHELSA, variable contribution differed between the final models (Fig. 23). For CHELSArelated models, Mean Temperature of the Wettest Quarter and Precipitation of Coldest Quarter were the most important variables when modelling B. utilis, followed by
Annual Temperature Range and Precipitation Seasonality. In contrast, WORLDCLIM
showed highest importance for Temperature Annual Range, followed by Mean Temperature of Wettest Quarter, whereas all remaining precipitation-related variables
played a minor role for variable importance. Generally, response curves of models using CHELSA climate were better able to distinguish between presences and pseudoabsences (showed a higher model fit). For the variable Temperature Annual Range,
CHELSA showed higher values of temperature amplitude than WORLDCLIM. For Mean
Temperature of the Wettest Quarter, curve shapes are similar, but models disagree in
predicted probability ranges. CHELSA pointed to a narrower temperature range for the
ecological niche of B. utilis than WORLDCLIM. For the variables Precipitation Seasonality and Precipitation of the Coldest Quarter, differences between the two models are
striking. The response curve of predicted probability of WORLDCLIM completely fails to
distinguish between presences and pseudo-absences of B. utilis (Fig. 23). Regarding
Average Precipitation of March, April and May, CHELSA predicted lower values compared to WORLDCLIM for estimating the climatic space of B. utilis.
After calibrating the models, they were evaluated with threshold-independent (i.e.,
AUC) and threshold-dependent performance measures (i.e., TSS). Admitting that recent research criticises the use of AUC to evaluate model performance (Lobo et al.,
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2008), as it does not reflect absolute, but relative model performance, we applied the
AUC as a threshold-independent evaluation measure. According to Peterson et al.
(2011), it is appropriate when models for a single study species in a single study region are compared. We found no significant differences in AUC values; they were very
high (AUC ≥ 0.97) for both models. Using the threshold-dependent measure TSS, continuous maps were converted to binary distribution maps. Notwithstanding high values (TSSCHELSA ≥ 0.93; TSSWORLDCLIM ≥ 0.87), we found significant differences between
the models. Models using CHELSA climate data gained a higher model fit and higher
evaluation metrics (i.e., TSS and Pseudo R2). Also binary distribution maps show noticeable differences between the model projections (Fig. 24).
We conducted visual inspections of the predictions of the models to observe
whether the model successfully predicted the species’ realized distribution throughout the entire Himalayan mountain system. B. utilis covers a notable environmental
niche width along the Himalayan arc. The projections of the modelling results show
that most favourable conditions are located in the upper subalpine belt in the western
and central Himalayan region where climatic conditions show a comparatively higher
degree of continentality. This is consistent with the distribution pattern documented
in several vegetation maps showing a narrow band of birch forests forming the upper
treeline on north-facing slopes (Troll, 1939; Schweinfurth, 1957; Miehe, 1991; Schickhoff, 1994; Braun, 1996; Nüsser & Dickoré, 2002; Eberhardt et al., 2007). Good agreement between the two projections can be found in the western part of the study area
(i.e., Himachal Pradesh and Uttarakhand, India), whereas eye-catching differences can
be found in Far West, Midwest and West Nepal (i.e., Humla, Jumla, Mugu, Dolpa (Karnali region), Mustang (Dhaulagiri region) and Tibet (autonomous region of China)).
These differences may be attributed to artefacts in the WORLDCLIM climate data (Fig.
21). Towards the eastern Himalaya, where more maritime climatic conditions favour
the competitiveness of evergreen Rhododendron spp., B. utilis becomes a less frequent companion in subalpine forests and at treelines (Schickhoff, 2005). In these areas, further disagreements between the predictions arise. In contrast to CHELSA,
WORLDCLIM fails to predict any climatic suitable areas for B. utilis in Arunachal Pradesh
and SE Tibet, leading to the assumption of non-availability of suitable climate in the
eastern Himalaya (Fig. 24).
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Conclusions
CHELSA located the ecological niche of B. utilis at higher elevations. In addition, the
modelled niche tends to be less diffuse compared to WORLDCLIM (Fig. 24). In fact, the
ecological niche modelled by CHELSA are in closer correspondence to the authors’ field
knowledge, and the model predictions match the actual existing distribution range of
B. utilis to a vast extent.
These findings expand on former research on B. utilis (Bobrowski et al., 2017), confirming that climate data, which reflect topoclimatic conditions, yield more accurate
results.
Although the need for comparative studies of model performance using different
climate data sets gained potential interest over the last few years (e.g., Kriticos et al.,
2012; Watling et al., 2014; Wang et al., 2016), up to date WORLDCLIM still remains the
most often used climate data set on regional and global scale. Global climate data sets
should not be used to model ecological niches without critically scrutinizing the origin
of climate data and the computation method of the climate data set, and without being
aware of the afflicted limitations revealed in this study. This may be particularly true
for modelling studies in the Himalayan mountain system, since, as we pointed out, the
naïve application of WORLDCLIM in heterogeneous landscapes like the Himalayan region could be misleading. Further challenges arise from the scale of the raster climate
data. Especially for European high mountain regions, several studies exist where local
climate sets were used to model species distribution ranges (e.g., Climate Research
Unit (CRU) by Thuiller 2004; Thuiller et al., 2005; Austria climate station data by Dullinger et al., 2004), which points to the need of small scale climate data for modelling
alpine species (i.e., smaller than 1km2).
Our results provide compelling evidence for the need of more critical, reflective
and responsible investigations on the effect of climatic variables in ecological niche
modelling, especially in remote mountain regions. In conclusion, a better understanding of the impact of different climate data sets in modelling species potential ranges
is supported by our model results that may trigger follow-up studies on the exploration of potential impacts of different climate data sets on modelling species potential
distribution in regions with limited data availability. This could gain extraordinary
importance with regard to range shifts under climate change scenarios.
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Abstract
Modelling ecological niches across vast distribution ranges in remote, high mountain
regions like the Himalayas faces several data limitations, in particular nonavailability
of species occurrence data and fine-scale environmental information of sufficiently
high quality. Remotely sensed data provide key advantages such as frequent, complete, and long-term observations of land surface parameters with full spatial coverage. The objective of this study is to evaluate modelled climate data as well as remotely sensed data for modelling the ecological niche of Betula utilis in the subalpine
and alpine belts of the Himalayan region covering the entire Himalayan arc. Using
generalized linear models (GLM), we aim at testing factors controlling the species distribution under current climate conditions. We evaluate the additional predictive capacity of remotely sensed variables, namely remotely sensed topography and vegetation phenology data (phenological traits), as well as the capability to substitute bioclimatic variables from downscaled numerical models by remotely sensed annual
land surface temperature parameters. The best performing model utilized bioclimatic
variables, topography, and phenological traits, and explained over 69% of variance,
while models exclusively based on remotely sensed data reached 65% of explained
variance. In summary, models based on bioclimatic variables and topography combined with phenological traits led to a refined prediction of the current niche of B.
utilis, whereas models using solely climate data consistently resulted in overpredictions. Our results suggest that remotely sensed phenological traits can be applied beneficially as supplements to improve model accuracy and to refine the prediction of the
species niche. We conclude that the combination of remotely sensed land surface temperature parameters is promising, in particular in regions where sufficient fine-scale
climate data are not available.
Keywords: Betula utilis; Chelsa; ecological niche model; Enhanced Vegetation Index;
Himalaya; MODIS (Moderate-resolution Imaging Spectroradiometer) Land Cover Dynamics; MODIS Land Surface Temperature; plant phenology; remote sensing; treeline
ecotone
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Introduction
As high-elevation treelines can be considered indicators of past and recent climate
change and variability [1,2], ecological niche modelling studies frequently use climate
variables from numerical models to predict the current and future potential distribution of treeline species [3–5]. However, these predictions potentially disregard important local abiotic or biotic factors, which influence the actual species’ distribution
(i.e., the realized niche) because climate is not the exclusive factor determining habitat suitability [6]. To date, the number of studies modelling distribution ranges of deciduous treeline species’ in the entire Himalayan mountains remains very limited
(e.g., [7,8]). Studies which evaluate the performance of ecological niche models comparing many different predictor sets for modelling the current distribution of a
treeline species covering the entire Himalayan arc do not exist. As pointed out by
Bobrowski and Schickhoff [9], modelling species’ distributions in high-altitude regions faces numerous challenges, most importantly the sparse data availability due to
poor accessibility of the terrain. This applies in particular to species occurrence data
(often obtained from herbaria) as well as to environmental predictors such as climate
variables, which are often spatially interpolated and afflicted with errors [9].
Therefore, remotely sensed data can provide additional, spatially contiguous information in higher resolution and accuracy in particular in remote areas like the Himalayan mountains, giving insight into vegetation characteristics and spatial patterns,
surface temperatures, and topographical features. Since the availability of multispectral satellite images in the early 1970s, biophysical mapping of the earth’s surface has
contributed to ecological studies [10–12]. Previous studies have documented the
merit of incorporating remote sensing data in species distribution models such as
land cover data [13–15] and topographical information from the Shuttle Radar Topography Mission (SRTM) (for examples, see [16]). Today, remote sensing data play
an increasing role in modelling species distributions [17–20]. Compared to models
using solely climatic/topographical predictors [18,21–23], the inclusion of remotely
sensed variables as predictors in species distribution models improves prediction accuracy and refines the mapped distribution range of the species. The spectral measurements and their derivates are directly linked to biophysical properties of the land
surface which, in turn, are linked to the primary environmental regimes and to habitat
quality (productivity, vegetation structure, land cover type) [24]. Thus, the use of remotely sensed variables may also help to improve the understanding of the interactions of driving factors for complex species composition and vegetation zonation, e.g.,
at alpine treelines. This includes phenological traits, which represent species characteristics of recurring seasonal biological events in the life cycles [25,26]. Remote-sensing-based phenological analyses yielded notable results for modelling species’ distributions [27–29].

128

Original publications
For this study in the Himalayan mountains, characterized by distinct vertical climatic gradients and respective altitudinal zonations of vegetation, we selected the
treeline-forming Himalayan Birch (Betula utilis) as a target species. Birch forests feature prominently within this zonation, and B. utilis constitutes an ideal study organism due to its status as a principal deciduous broadleaved treeline species. The distribution extends across the Himalayan arc with higher dominance in the western and
central part of the mountain system. Over much of its range, B. utilis forms a narrow
forest belt on north-facing slopes between evergreen coniferous forests (e.g., Abies
spectabilis) below and an evergreen broadleaved krummholz belt (e.g., Rhododendron campanulatum) above (for more associated tree species, see [30,31]).
Bobrowski et al. [32] and Bobrowski and Schickhoff [9] modelled the potential distribution of B. utilis at a smaller spatial extent in the Himalayan region using modelled
climate-related predictor variables only. In this study, we aim to bridge the gap between species’ potential and actual distributions by deriving the first comprehensive
ecological niche models for B. utilis for the entire Himalayan mountains, as well as by
supplementing and substituting the standard predictors with remotely sensed land
surface temperature, vegetation phenology, and topography parameters. In particular, we investigate the suitability of various predictor sets including bioclimatic variables (Chelsa [33]), topography [34], phenological traits derived from MODIS Land
Cover Dynamics data [35], annual cycle parameters derived from MODIS Land Surface
Temperature data [36], and their combinations. In light of the above, we (1) analyse
possibilities to improve the niche model of B. utilis based solely on bioclimatic variables by adding different remotely sensed variables, and (2) explore the potential of a
pure remote sensing approach by substituting the bioclimatic variables with remotely
sensed land surface temperature data.
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Materials and Methods

Study Area and Species Data
The Himalayan mountains are located between the Indian Subcontinent in the south
and the Tibetan Highland in the north, extending from Afghanistan in the northwest
(c. 36°N and 70°E) to Yunnan in the southeast (c. 26°N and 100° E), and covering an
area of more than 1,000,000 km2. Due to a distinct three-dimensional geoecological
differentiation, the Himalayas show a high variation of climate, rainfall, altitude, and
soils [37,38]. The climate ranges from tropical in the Indian lowlands to permanent
ice and snow at the highest elevations, and from more continental in the northwest to
more oceanic in the southeast [39].
The distribution range of B. utilis extends across the Himalayan arc from Afghanistan to southwest China. Towards the eastern Himalayas, where more maritime climatic conditions favour the competitiveness of evergreen Rhododendron spp., B. utilis becomes a less frequent companion in subalpine forests and at treelines [30]. The
total elevational range of B. utilis extends from 2700 to 4500 m [40]. In the northwest
Himalayas, B. utilis is widely distributed between 3100 and 3700 m, while the range
shifts to higher elevations towards the eastern Himalayas (mainly between 3800 and
4300 m). Pure birch stands with Rhododendron campanulatum and Sorbus microphylla in the understory and are often found at the uppermost limit of subalpine forests [41].
Presence-only occurrence data of B. utilis were compiled from three different
sources: 215 geo-referenced records (1980–2016) were accessed via the Global Biodiversity Information Facility [42]. Further, 202 records were added from a database
compiled from a literature survey ([30], unpublished data). Additionally, 827 records
were extracted from freely available satellite images (GoogleEarthTM [43]) and
added to the dataset. Extractions from GoogleEarth have been shown to be valuable
in global treeline research [44,45]. These occurrence localities were validated
through expert knowledge, obtained from numerous field visits in the Himalayan
mountains.
Lowermost occurrences (e.g., in avalanche paths) were removed since they do not
represent the “zonal” climatic conditions of the treeline birch belt. To reduce spatial
autocorrelation, we kept only one occurrence point per grid cell (i.e., 1 km × 1 km),
resulting in 1041 occurrence points for modelling the current distribution of B. utilis
(Fig. 25).
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Fig. 25: Occurrences of Betula utilis along the Himalayan arc (N = 1041).

Predictor Variable Sets
The aim of the study was to evaluate the performance of four different predictor variable sets: (1) a quasi-mechanistical statistically downscaled Chelsa CLIMATE data set
[33]; (2) topographical variables based on a remotely sensed Digital Elevation Model
(TOPO) [34]; (3) phenological traits derived from MODIS Land Cover Dynamics data
(PHENO) [35]; and (4) annual cycle parameters derived from MODIS Land Surface
Temperature data (LST) [36]. Furthermore, we assessed the suitability of combinations of these predictor variable sets using an additive procedure, which resulted in
11 final models (Figure 26). First, every predictor set was used separately, followed
by the combination of two and three predictor sets. Subsequently, two approaches
were followed: (1) combinations of statistically downscaled variables with remotely
sensed variables; and (2) combinations of exclusively remotely sensed variables.
To test the potential of surface temperature to substitute downscaled climate data,
predictor sets TOPO and PHENO were combined with either CLIMATE or LST (Figure 26).
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Fig. 26: Overview of the predictor sets used in the modelling procedure for estimating
the ecological niche of Betula utilis.
All predictor variables were tested for multicollinearity using Spearman’s rank correlation, since high collinearity might lead to low model performance and wrong interpretations [46]. Regarding climate variables, only ecologically relevant variables
were included, which represent general patterns and annual climatic variability in the
Himalayan mountains. We calculated pairwise correlations, resulting in a small set of
predictor variables (rs ≤ 0.7 according to [46]) (Table 7).
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Table 7: Predictor sets with variables used for modelling the ecological niche of Betula utilis.
Input Set

Label

Variable

Scaling Factor

Units

CLIMATE

bio1

1

Degree Celsius

Chelsa

bio2

Annual Mean Temperature
Mean Diurnal Range (Mean of monthly (max temp–min
temp))
Isothermality (bio2/bio7)
Temperature Seasonality (Stand. Dev.)
Max Temperature of Warmest Month
Min Temperature of Coldest Month
Temperature Annual Range (bio5–bio6)
Mean Temperature of Wettest Quarter
Mean Temperature of Driest Quarter
Mean Temperature of Warmest Quarter
Mean Temperature of Coldest Quarter
Annual Precipitation
Precipitation of Wettest Month
Precipitation of Driest Month
Precipitation Seasonality (Coefficient of Variation)
Precipitation of Wettest Quarter
Precipitation of Driest Quarter
Precipitation of Warmest Quarter
Precipitation of Coldest Quarter
Average Precipitation May
Average Precipitation March, April, May
Altitude
Northness
Eastness
Slope angle
Onset Greenness Increase
Onset Greenness Maximum
Onset Greenness Decrease
Onset Greenness Minimum
NBAR EVI Onset Greenness Min
NBAR EVI Onset Greenness Max

1

Degree Celsius

1
100
1
1
1
1
1
1
1
1
1
1
100
1
1
1
1
1
1
1
1
1
1
1
1
1
1
0.0001
0.0001

Dimensionless
Degree Celsius
Degree Celsius
Degree Celsius
Degree Celsius
Degree Celsius
Degree Celsius
Degree Celsius
Degree Celsius
Millimetre
Millimetre
Millimetre
Percentage
Millimetre
Millimetre
Millimetre
Millimetre
Millimetre
Millimetre
Meters
Radians
Radians
Percentage
Days
Days
Days
Days
EVI value
EVI value

TOPO
Topography
PHENO
MODIS Land
Cover Dynamics

bio3
bio4
bio5
bio6
bio7
bio8
bio9
bio10
bio11
bio12
bio13
bio14
bio15
bio16
bio17
bio18
bio19
prec_may
prec_mam
Alt
Northness
Eastness
Slope
Green_Inc
Green_Max
Green_Dec
Green_Min
EVI_Min
EVI_Max

Used for
Modelling

X
X

X

X
X
X
X
X
X
X
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EVI_Area

NBAR EVI Area

0.01

Dym_QC

Dynamics QC

1

LST
MODIS Land

MAST
YAST

Surface Temperature

THETA

Mean annual land surface temperature
Mean annual amplitude of land surface temperature
Phase shift relative to spring equinox on the Northern hemisphere
Inter-diurnal and inter-annual variability (Root Mean
Squared Error of fit)
Number of clear-sky acquisitions
Daytime mean maximum annual surface temperature
Daytime mean minimum annual surface temperature

RMSE
NCSA
Max
Min
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X

1
1

EVI area
Concatenated
flags
K
K

1

days

X

1

K

X

1
1
1

-K
K

X

X
X
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Chelsa CLIMATE Data
Chelsa climate data (CLIMATE) are based on quasi-mechanistical statistical downscaling of the ERA-interim global circulation model with Global Precipitation Climatology
Centre and Global Historical Climatology Network bias correction, and a resolution of
30 arc seconds (for details, see [33]). Precipitation amounts, estimated under consideration of orographic factors such as wind fields, valley exposure, and boundary layer
height, showed high precision compared to precipitation data from other climate data
sets [33].
Based on the gridded monthly fields of temperature and precipitation at a resolution of 30 arc seconds, we generated 19 bioclimatic variables (Table 7), which are
widely used in species distribution modelling and represent annual characteristics
(e.g., Temperature Annual Range), seasonality (e.g., Precipitation Seasonality) and extreme environmental factors (e.g., Precipitation of Driest Month) [47]. In addition, the
variables Average Precipitation of May and Average Precipitation of March, April, and
May were calculated in order to account for potential premonsoon drought stress
[41,48,49]. The selected bioclimatic variables have proven to be suitable for modelling the potential distribution of B. utilis at smaller spatial scales in the Himalayan
mountains [32].

Digital Elevation Model
The topographic data is based on the Digital Elevation Model obtained by the Shuttle
Radar Topography Mission (SRTM) [34], which employed interferometric synthetic
aperture radar, and which is considered here as a remote sensing dataset as well. The
data was aggregated to a 1 km grid to calculate Slope angle and Slope aspect using
SAGA GIS [50], complementing the set of potential explanatory variables. Since Slope
aspect is a circular variable, it was converted into two separate continuous quantitative variables (i.e., Northness and Eastness).

MODIS Land Cover Dynamics
We chose MODIS Land Cover Dynamics (PHENO) product MCD12Q2 as it provides
eight parameters that can be linked to phenological events and plants’ phenology [35].
The data was obtained from the NASA Land Processes Distributed Active Archive Center [35]. We compiled time series with a spatial resolution of 500 m × 500 m from
2000 to 2013 using the 16-day composite. Long term means of the annual metrics
were used to reduce the effect of the interannual variability. Four variables providing
cardinal phenophase transition dates at annual time steps were selected (Onset
Greenness Increase, Onset Greenness Maximum, Onset Greenness Decrease, and Onset Greenness Minimum). These dates correspond to the timing of vegetation greenup, maturity, senescence, and dormancy, respectively. Furthermore, we selected the
135

Original publications
Enhanced Vegetation Index (EVI [51]). The first two EVI metrics (EVI Onset Greenness Min and EVI Onset Greenness Max) correspond to the EVI value of green-up and
dormancy onset dates. The third metric records the sum of fitted daily EVI values during the identified vegetation cycle (i.e., Onset Greenness Increase to Onset Greenness
Minimum)- EVI Area. For further information on the calculation of each PHENO predictor, see Zhang et al. [52,53] and Ganguly et al. [54].

MODIS Land Surface Temperature
MODIS Land Surface Temperature (LST) offers a unique archive of daily LST observations in 1 km resolution [55]. However, LST is a spatially and temporally highly variable quantity, and moreover affected by plenty of gaps resulting from cloud coverage.
Therefore, we use long time series rather than few observations to model the longterm seasonality of LST. A model is fitted for the annual temperature cycle resulting in
parameters that describe the annual temperature variation [36,56]. Here, we use a
model with three parameters, which is sufficient for regions outside the tropics [57].
MAST is the mean annual land surface temperature for 2003–2014, YAST is the mean
annual amplitude of the land surface temperature for 2003–2014, and THETA is the
phase shift in days relative to spring equinox on the northern hemisphere. Additionally, we used NCSA, which represents the number of clear-sky acquisitions. These parameters represent a very robust estimate of LST and its annual dynamics but can also
be used to estimate LST for any day of the year. The parameters were derived globally
based on collection 5 of the MODIS daily level 3 global 1 km grid product from EOS
Terra and Aqua (MOD11A1 and MYD11A1)—separately for night time and for day
time (see [36] for details on calculation). For this study, these four variables were
reprojected to the target grid and directly considered as predictor variables.
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Modelling Algorithm
Generalized linear models (GLM) were applied since they represent a classical and
robust approach to analyse presence and absence data [58]. Major advantages of
GLMs over more complex machine-learning algorithms (e.g., random forest) include
predictions which are easily interpretable and not “black box” predictions. We used
the iterative weighted linear regression technique to derive maximum likelihood estimates of the response variable, with observations distributed according to exponential family and systematic effects [59]. We calculated GLMs with binomial distribution,
logit-link function, and polynomial terms of second order [60], but did not include
interaction terms among predictor variables. Prior to the modelling, stepwise variable
selection in both directions (i.e., forward and backward) was applied using the Akaike
Information Criterion (AIC) [61], resulting in the model possessing the lowest AIC
value [62,63] for each predictor variable set respectively.

Pseudo-Absence Selection
As GLMs need presence and absence points, pseudo-absence points were generated.
For study area selection, we used a convex hull, covering the full extent of the known
occurrences of B. utilis distribution in the Himalayan region. By limiting the study
area, large regions where the species cannot occur were excluded in further statistical
analyses in order to prevent overpredicting the distribution range of the species [64].
For random selection of pseudo-absences, the limits were set as 5 km from the nearest
occurrence, resulting in total 10,000 pseudo-absences (following the pseudo-absence
selection procedure for GLMs described by Barbet-Massin et al. [65]).

Model Evaluation
For model validation, all presence and pseudo-absence points were split into training
and testing data samples with a ratio of 80:20 percent using random sample splitting
[66]. For each predictor variable set respectively, we repeated this procedure five
times, resulting in five versions of the model and accuracy metrics, which were finally
averaged. Due to the lack of a universally valid model evaluation measurement, we
applied several performance evaluation metrics. Calculated evaluation measures included the AIC, the Area Under the Curve (AUC), Cohen’s Kappa, and the coefficient of
determination for explained variance in the data set (Pseudo-R2; [67]). We calculated
the root mean square error (RMSE) in order to account for overfitting of the data (i.e.,
RMSE should be very similar between training and testing data sets), indicating a
good fit of all models. Moreover, visual inspection on spatial patterns of the predictions was conducted since evaluation parameters may perform well in climatic space
of the model, but not in geographic space (i.e., spatial prediction).
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We calculated variable importance to evaluate variable contribution in the final
models for each predictor variable set respectively. All statistical analyses were performed using the programming language R [68], maps were produced using ArcGIS
[69].

Results

Model Evaluation and Comparison
Using an additive approach with four predictor sets resulted in 11 final models (Table
8) which showed substantial differences with regard to evaluation measurements.
Regarding all different evaluation metrics and predictor variables, CLIMATE + TOPO +
PHENO performed best, followed by CLIMATE + TOPO and LST + TOPO + PHENO, while the
PHENO model exhibited the poorest performance in predicting the distribution of Betula utilis. CLIMATE + TOPO + PHENO possessed the lowest AIC with 535, followed by
CLIMATE + TOPO (577) and LST + TOPO + PHENO with 594. High AUC values could be
observed for all models ranging between 0.96 and 0.92, whereas the PHENO model
showed a lower AUC value with 0.77. Performance ranks for Cohen’s Kappa were as
follows: CLIMATE + TOPO + PHENO: 0.72, CLIMATE + TOPO: 0.66, CLIMATE + PHENO: 0.66,
and LST + TOPO + PHENO: 0.66, whereas PHENO ranked last (0.01).
The explained variance was highest for the CLIMATE + TOPO + PHENO model with
69%, followed by CLIMATE + TOPO and LST + TOPO + PHENO with 65%. The model solely
based on downscaled climate parameters (CLIMATE) explained 56%, while the model
solely based on remotely sensed land surface temperature (LST) explained 41% of the
variance in the test sets and the PHENO model 15%. Generally, CLIMATE always performed better than LST, except for explained variance for the combination with phenological traits (CLIMATE + PHENO: 0.63; LST + PHENO: 0.64). However, LST benefitted
more from the addition of further predictors than CLIMATE (increase of 24% compared
to 13% explained variance). In combination, LST + TOPO + PHENO performed better
than CLIMATE.
Values for RMSE revealed no overfitting between the training and testing data sets
for all models.
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Table 8: Model evaluation results with regard to several performance measures for
five averaged generalized linear model runs based on the four predictor variable sets
and their combinations: Topography (TOPO); Chelsa climate data (CLIMATE); Land
Cover Dynamics data (PHENO); Land Surface Temperature (LST). The results for training and test data are displayed (training 80% and testing 20%, means of 5 runs).
Area Under the
Curve

Cohen’s
Kappa

Pseudo R2 Explained Variance

Test

Test

Test

Train

Test

TOPO

778

0.92

0.41

0.48

0.48

CLIMATE

688

0.93

0.59

0.58

0.56

CLIMATE + TOPO

577

0.96

0.66

0.65

0.65

CLIMATE + PHENO

625

0.94

0.66

0.64

0.63

CLIMATE + TOPO + PHENO

535

0.96

0.72

0.70

0.69

LST

868

0.91

0.31

0.41

0.41

LST + TOPO

642

0.95

0.60

0.59

0.60

LST + PHENO

755

0.92

0.54

0.51

0.64

LST + TOPO + PHENO

594

0.96

0.66

0.64

0.65

PHENO

1148

0.77

0.01

0.18

0.15

PHENO + TOPO

722

0.93

0.51

0.55

0.54

Model

Akaike
mation
rion

InforCrite-

RMSE
Trai
n
0.2
6
0.2
3
0.2
1
0.2
1
0.1
9
0.2
6
0.2
3
0.2
4
0.2
1
0.3
0
0.2
4

Tes
t
0.2
6
0.2
4
0.2
1
0.2
2
0.1
9
0.2
7
0.2
2
0.2
3
0.2
1
0.3
1
0.2
4
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Variable Importance
We selected 5 climatic variables, 2 topographic variables, 4 land cover metrics, and 4
land surface temperature variables out of 40 potential predictor variables.
In the following, only CLIMATE, CLIMATE + TOPO + PHENO, LST, and LST + TOPO +
PHENO will be considered (Fig. 27; see Supplementary material S9, Fig. S9 for variable
importance of all models). Relative variable importance varied among the four subsets of predictor variables. However, a few general characteristics became evident.
Regarding climatic variables (i.e., CLIMATE), Precipitation of Coldest Quarter (bio19)
was the most important predictor, followed by Temperature of Wettest Quarter (bio8,
i.e., temperature of growing season), Temperature Annual Range (bio7), and Average
Precipitation of March, April, and May (prec_mam), whereas Precipitation Seasonality
(bio15) had lowest variable importance. Among the topographical variables, the highest importance was found for Slope. Phenological traits derived from PHENO data were
always lower in variable importance, whereas temporal metrics, e.g., Onset Greenness
Increase (Green_Inc), were superior to the Enhanced Vegetation Index (EVI) metric.
For the LST model, differences in variable importance were low between all variables, whereas highest variable importance was found for YAST (mean annual temperature). Differences in importance were striking between the predictor variable sets of
the LST + TOPO + PHENO model. The highest value of variable importance was found
for Slope, followed by YAST (mean annual temperature), NCSA (number of clear-sky
acquisitions), MAST (mean annual amplitude of temperature), and THETA (phase
shift in days relative to spring equinox on the northern hemisphere), whereas differences in variable importance were rather low between LST-related variables. For phenological traits, EVI showed highest variable importance.
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Fig. 27: Variable importance of the models using four different predictor variable sets:
Chelsa climate data and Land Cover Dynamics data (CLIMATE + PHENO); Chelsa climate
data (CLIMATE); Land Surface Temperature and Land Cover Dynamics data (LST +
PHENO); Land Cover Dynamics data (PHENO) and Land Surface Temperature (LST) For
variable description, see Table 1 and for variable importance of all Supplementary
material S9, Fig. S9.

Ecological Niche Models
The continuous predictions of the models showed noticeable differences (Fig. 28). According to the model evaluation measurements, CLIMATE + TOPO + PHENO performed
best, followed by LST + TOPO + PHENO, whereas CLIMATE was superior to LST.
It becomes apparent that the core distribution of B. utilis was predicted in the western part of the Himalayan mountain system, whereas only the LST model predicted a
principal distribution in the central part of the mountains. All models showed a uniform distribution along the Himalayan arc. The habitat predicted by CLIMATE tends to
be wider in range compared to the other predictions.
Displaying differences in the model predictions in detail (Fig. 29), the overall appearance (Fig. 28) is better elucidated. The model solely based on climate predictor
variables (CLIMATE, Fig. 29a) roughly met the lower limit of occurrences compared to
the CLIMATE + TOPO + PHENO model (Fig. 29c), but overpredicted the uppermost limits
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of B. utilis. Overall, the prediction appears blurry and the broadleaved deciduous
treeline could not be distinguished from other vegetation formations (Fig. 29a). The
CLIMATE + TOPO + PHENO model differentiates between slope structures, and clearly
delimits the lower distributional range of B. utilis. At higher altitudes, occurrence
probability decreases and diminishes (Fig. 29c). Comparing CLIMATE + TOPO + PHENO
models with LST + TOPO + PHENO-based models, similar patterns were observed,
whereas the distributional range is predicted more constrained in the latter, leaving
a smaller distribution range of B. utilis (Fig. 29c,d).
For the model built with remotely sensed temperature-related variables only (LST,
Fig. 29b), similar patterns compared to CLIMATE (Fig. 28a) could be found. The distribution appears coarse and fuzzy, compared to CLIMATE + TOPO + PHENO and LST + TOPO
+ PHENO models (Fig. 29c,d).

Fig. 28: Continuous predictions of the models using four different predictor variable
sets: Chelsa climate data (CLIMATE); Land Surface Temperature (LST); and both combined with Topography (TOPO) and Land Cover Dynamics data (PHENO). For continuous prediction of all models, see S10, Fig. S10.
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Fig. 29: Detailed excerpt of continuous predicted occurrence probability using four
different predictor variable sets: Chelsa climate data (CLIMATE); (b) Land Surface
Temperature (LST); (c) Chelsa climate data, Topography and Land Cover Dynamics
data (CLIMATE + TOPO + PHENO); (d) Land Surface Temperature, Topography and Land
Cover Dynamics data (LST + TOPO + PHENO). For detailed continuous prediction of all
models, see Supplementary material S11, Fig. S11.

Discussion
Modelling ecological niches and species distributions in remote high mountain regions like the Himalayas are challenging tasks. Current studies in the field of plant
species distribution modelling in the Himalayan mountains mainly use climatic variables to predict species’ distribution or to forecast species range shifts under climate
change scenarios (e.g., [7,32,41,70–77]). With regard to Betula utilis, reasonable results were obtained using solely climate for predicting the potential distribution
[9,32]. However, the necessity arose for approximating the actual distribution of B.
utilis, addressed in this study by evaluating the benefits of incorporating remotely
sensed data into the modelling approach.
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Modelling the Ecological Niche of Betula utilis
We found that models combining climate-related variables with remotely sensed topography and phenological traits (CLIMATE + TOPO + PHENO and LST + TOPO + PHENO)
outperformed models using only one predictor variable set (CLIMATE and LST). The
latter revealed no concise distinction between the vegetation formations (Fig. 28 and
29a,b), which indicates the need for further explanatory variables when modelling a
species’ realized niche on a large scale, i.e., the entire Himalayan mountain system.
We found that all models predicted suitable habitats for B. utilis as a more or less
narrow line stretching along the Himalayan arc, featuring prominently in the western
parts. All models predicted lower suitability in the eastern parts of the mountain system, a result which coincides with the occurrence data, and which is in line with the
fact that due to the more maritime climate in the east, B. utilis loses its dominance as
a treeline species in favour of evergreen Rhododendron species [30]. Model evaluation revealed highest performance for models built on bioclimatic variables combined
with remotely sensed topography and phenology data (CLIMATE + TOPO + PHENO), emphasizing the improvement achieved by incorporating remotely sensed land cover
data for predicting the distribution of B. utilis in the Himalayan mountains. Information on the phenological traits (Greenness Increase, and Greenness Decrease)
turned out to be beneficial in refining the ecological niche of B. utilis (e.g., demarcation
of other vegetation formations and exposed rocks).
In addition, models built solely on remotely sensed data (LST + TOPO + PHENO) suggested that phenological traits are highly relevant for modelling a more realistic distribution range of the species. The findings indicate that models built on remote sensing data yield promising predictions, which may be of interest in remote areas like the
Himalayan mountains due to free availability, global coverage, and fine-scale resolution (<1 km). However, temperature variables alone (LST) are not fully capable of
predicting the distribution range, as they predicted primarily suitable habitats in the
central part of the mountain system and some artefacts (i.e., lakes) on the Tibetan
plateau. This is to be attributed to the fact that surface temperature is, apart from atmospheric conditions, also affected by land surface characteristics. Moreover, LST
only has a weak proxy for precipitation, namely the number of cloudy/cloud-free
days. Consequently, the results using LST +TOPO + PHENO show lower model performance compared to the CLIMATE + TOPO + PHENO model, which incorporates precipitation-related and more plant growth specific variables. However, interestingly the
LST model benefits much more from additional predictor sets (i.e., TOPO), indicating a
certain redundancy between bioclimatic and topographic variables. This is plausible
since topographic features are used in the downscaling process of the Chelsa data
[33].
Globally, climate governs global patterns of land cover [78], but land cover and climate are not fully independent [13]. Our results confirm topoclimatic variables as the
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main drivers behind the distribution range, whereas phenological traits substantially
contribute to narrow the modelled ecological niche of B. utilis (i.e., more realistic distribution). Similar results were obtained by Parra et al. [79] and Buermann et al. [17]
when predicting species distribution across the Amazonian and Andean region. In a
hierarchical scheme of environmental controls on species distributions, climatic variables are large-scale determinants, followed by geology, topography, and land cover,
which moderate many of the effects of macroclimatic variables [13,16]. Our predictions of the CLIMATE + TOPO + PHENO model are consistent with the distribution pattern documented in several vegetation maps showing a narrow band of birch forests
forming the upper treeline on north-facing slopes (e.g., [80,81]). However, the actual
distribution might be smaller, since topoclimate variables and phenological traits are
not the only factors determining habitat suitability. Although not considered in this
study, interactions of a whole array of site factors such as ecology of tree species, site
history, current biotic interactions, and anthropogenic influences affect treeline species’ spatial distributions [1,30].

Ecological Interpretation of Predictor Variables
We found two temperature- and three precipitation-related variables (CLIMATE)
among the most important for predicting the potential distribution of B. utilis. Mean
Temperature of the Wettest Quarter and Temperature Annual Range were most relevant among the temperature-related variables. Growing season air and soil temperatures are considered key factors controlling tree growth at treelines and elevational
position of treelines at global scales [1,2]. Much lower growing season temperatures
(i.e., Mean Temperature of the Wettest Quarter) and higher average winter temperature (January) in the eastern Himalayas result in lower seasonal temperature variation which favours evergreen Rhododendron species over the deciduous species B.
utilis at treelines. In the eastern Himalayas, B. utilis becomes less competitive and evergreen broadleaved species (Rhododendron spp.) are the principal treeline species
[30]. By contrast, higher degrees of continentality with higher mean temperatures of
warmest months and severe winter coldness lower the competitiveness of Rhododendron spp. at treeline elevations in the western and northwestern Himalayas, and contribute to the higher competitive strength of B. utilis on north-facing slopes.
Precipitation Seasonality, Precipitation of the Coldest Quarter, and Average Precipitation of March, April, and May were the precipitation-related variables, with Precipitation of the Coldest Quarter having the highest variable importance. Precipitation
and related factors such as soil moisture and soil nutrient availability can be significant for treeline formation and dynamics [82,83]. Thus, precipitation-related variables potentially limit the climatic space of treeline tree species. The period from November to January was identified as the coldest quarter. Higher winter snowfall in the
more continental western parts of the Himalayan region obviously contributes to the
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competitiveness of B. utilis. Monsoonal summer rains, on the other hand, are of less
significance.
Regarding temperature-related remotely sensed variables, all variables proved to
be of great importance, but mean annual temperature amplitude (YAST) revealed
highest variable importance. Generally, temperature is strongly negatively correlated
with altitude (except for cold air inversions in winter months), allowing little room
for variation in regional-scale climate data sets [33,84]. This, in turn, leads to similar
results for LST + TOPO + PHENO, compared to CLIMATE + TOPO + PHENO models, where
additional information on phenological traits refined the predicted niche of B. utilis
(Fig. 28). Interestingly, the number of cloud-free acquisitions NCSA also showed considerable variable importance, indicating that it, despite being a rather poor proxy,
contains some information about precipitation.
Furthermore, MAST (mean annual temperature) and THETA (phase shift in days
relative to spring equinox) were revealed to be important when modelling the ecological niche of B. utilis. We conclude that THETA, as it represents heat accumulation,
shows sensitivity to seasonal snow cover. Vegetation analyses [30,85,86] showed that
thickness and duration of snow cover providing sufficient soil moisture at the beginning and at the end of the growing season is one of the principal factors controlling
the distribution of B. utilis forests.
The inclusion of topographic variables like Slope led to an improved prediction of
climate-only models (both CLIMATE and LST). This is not surprising, since in topographically highly complex regions like the Himalayas, areas can be predicted as climatically suitable but might be inaccessible due to the slope angle. Betula forests
thrive on humid, shady slopes with deeply weathered podzolic soils, and are more or
less absent from south-facing slopes, in particular in the more continental W Himalaya
[31,32,85].
Due to the steep gradient of hydrothermal conditions in the Himalayas, ranging
from subtropical at lower to alpine conditions at higher elevations, diverse vegetation
formations are formed, characterized by changing phenological traits. Our results
provide compelling evidence that the climate-only models (both CLIMATE and LST)
could be improved with remotely sensed phenological traits. Differences in variable
importance were found between CLIMATE + TOPO + PHENO and LST + TOPO + PHENO
models (Figure 3), the most important phenological traits were Onset Greenness Increase, Onset Greenness Decrease, and the Enhanced Vegetation Index (EVI). Based
on these variables, a distinction between evergreen coniferous forests below the birch
belt and the evergreen broadleaved krummholz belt and Rhododendron dwarf thickets above could be achieved (Fig. 29c,d).
The CLIMATE + TOPO + PHENO model revealed the importance of two temporal metrics. The timing of increasing greenness (Onset Greenness Increase) of the B. utilis
belt differed significantly from the vegetation formations located below (Kruskal–
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Wallis Test; p ≤ 0.05). The median green-up date for B. utilis was at 141 Julian days
after the snow melt, reflected in the predictor variable Average Precipitation March,
April, and May, when sufficient soil moisture for foliation is available. The evergreen
coniferous vegetation below had a much earlier green-up date (125 Julian days),
whereas the evergreen krummholz belt above had a similar green-up date as the B.
utilis belt (141 Julian days). Comparing the averaged dates of vegetation senescence
(Decrease of Greenness), no significant differences could be found between the three
vegetation formations (Kruskal–Wallis Test; p ≥ 0.05). Nevertheless, the B. utilis belt
undergoes senescence earlier (217 Julian days) than the evergreen vegetation formations (after 222 Julian days).
The LST + TOPO + PHENO model showed considerable variable importance of the
EVI, which is a convenient measure of plant phenology computed from MODIS surface-reflectance data. The EVI identifies vegetation growth, maturity, and senescence,
and thus marks seasonal cycles [51]. The applied EVI identifies the vegetation cycle
and records sums of the onset of greenness and of minimum greenness. Hence, at the
start of the growing season of evergreens, coniferous vegetation in lower altitudes is
earlier, while the growing season ends up later compared to deciduous broadleaved
vegetation. This results in the highest median EVI value (37) for vegetation below the
treeline, whereas the EVI values for the B. utilis belt (24) and for vegetation formations above the treeline (17) were lower. The amount of light reflected from leaves
at visible and infrared wavebands is determined by leaf traits and physiological performance [87]. The information of distinctly different phenological characteristics between the vegetation types was causal to the refinement of the niche models. Furthermore, these seasonal variations can be used to track changes in vegetation phenology
[88], whereas shifts in seasonal phenological events are among the first responses at
plant and ecosystem levels to climate change [89]. Shifts of flowering to earlier dates
have been reported for Rhododendron species [90], and earlier green-up data resulting in an extension of the growing season [91,92] have been reported for the Himalayas. In this context, investigations of underlying climatic factors and quantification of
changing plant phenological traits may provide the basis for efficient nature conservation management, expansion of protected areas, and appropriate habitat restoration strategies.

Application of Remote Sensing Data for Modelling Species’ Distributions
The availability and the quality of input parameters determine model performance.
Often, standardized statistically derived parameters do not fully reflect the species’
physiological needs and habitat requirements. Abiotic and biotic data derived from
remote sensing may open up new opportunities in analysing and modelling species’
distributions, since they provide response and predictor variables. In an extensive literature review, He et al. [23] and references therein present countless applications of
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remotely sensed data for modelling species’ distributions. In general, many remote
sensing products are adaptable for modelling biota and can be customized in accordance with the study aims.
In the present study, we highlight the benefits of remotely sensed data in deriving
tree species occurrences and predictor variables. The potential for future studies lies
in the generation of presence and absence data sets, which are highly required in ENM
[93]. Due to unique biophysical properties, hyperspectral sensors can detect subtle
differences in reflectance based on unique plant chemistries, which is beneficial for
identification of plant species [23]. Another advantage is the possibility to incorporate
biotic interactions into the models, which are often disregarded due to data limitations [94,95].
Our results emphasize thermal metrics, which could be beneficially incorporated
into further treeline studies in remote mountainous regions as they provide freely
accessible, complete, and long-term data. Major advantages of LST-related variables
include continuous observations without interpolation and geographical bias and
therefore fewer uncertainties [23]. Recent studies showed how LST data could improve species modelling studies (e.g., [17,96,97]). These parameters offer numerous
possibilities, such as tailored predictors in high resolution. As time series data of vegetation characteristics (i.e., phenological metrics) are becoming more and more available, changing habitat suitability can be estimated and incorporated into the model
approach. In this way, knowledge can be generated, which is particularly important
for modelling spatial expansion of invasive species, extinction risk assessment, and
range shifts under future climate change [23].
We conclude that the current state of information may serve as a baseline for future
studies, even though the available data derived from remote sensing technology is rather short term. Restrictions in the practical applicability arise from the fact that high
resolution satellite imagery is still often very expensive. On the other hand, the free of
cost imagery and software is already available and will become more customary in
the future. Our results show that, even with freely available data, software model performance could be improved, indicating the potential for future modelling studies.
Airborne technology is a continually expanding field, and high resolution remotely
sensed data will provide more insights into spatial patterns and underlying factors in
future modelling studies.
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Conclusions
Modelling ecological niches in remote mountain regions like the Himalayas remains a
challenging task due to severe data limitations such as availability of high-quality environmental information. Given the respective climatically and topographically complex terrain, models based on climate variables alone predict the potential distribution of species only, since land cover characteristics are omitted. Nevertheless, climatic gradients determine floristic gradients in high mountain regions, and in turn,
phenological traits represent niche proxies. We conclude that the addition of remotely
sensed topography and phenological traits as predictor variables leads to improved
model performances for the current distribution of B. utilis. It is a conspicuous broadleaved deciduous tree species at the treeline in the Himalayan mountains, allowing a
clear separation on the basis of phenological traits from adjacent vegetation types
which consist mainly of evergreen coniferous and evergreen deciduous species in the
tree layer. It becomes obvious that the inclusion of remotely sensed topography and
phenological traits results in a more constrained predicted niche, compared to solely
climate based models. Our results underline the relevance of phenological traits to
reduce the gap in modelling studies between potential and actual distributions of species over vast, remote, and heterogeneous mountain regions. However, the actual distribution of B. utilis might be smaller than predicted, since topoclimate variables and
phenological traits are not the only factors determining habitat suitability, and the
resolution of 1 km2 is often too coarse to account for small-scale landscape characteristics such as varying aspects.
We conclude that the approach of substituting bioclimatic variables with annual
temperature cycles from remotely sensed Lst data is promising, in particular in regions where sampling efforts are low and sufficient fine-scale climate data are not
available.
We further conclude that remotely sensed data make a valuable contribution when
modelling the current distribution of B. utilis, since they provide long-term, fine-scale,
and freely available observations. Our results emphasize the need for high-resolution
data when modelling the actual distribution of treeline species in order to account for
the heterogeneous terrain and microclimate. The incorporation of remotely sensed
temperature derivates expands the classical approach (i.e., bioclimatic variables and
topography) and shows great potential to derive more tailored variables (e.g., temperature of the growing season, precipitation amounts, snow cover) for ecological
niche modelling. In future studies, further improvement of ecological niche models
could be achieved by incorporating high-resolution remote sensing data.
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Supplementary Material
Supplementary Material
S1 Fig. S1: Photographs of Betula utilis at treelines in India and Nepal.

Fig. S1a: Betula treeline at 3800 m, Valley of Flowers, Uttarakhand, India (Schickhoff,
2006).
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Supplementary Material

Fig. S1b: Betula treelines at 3900 m, Manag, Annapurna, Nepal (Schickhoff, 2013).

Fig. S1c: Betula treeline at 3950 m, Langtang, Rasuwa, Nepal (Schickhoff, 2010).
S2 Fig. S2: Correlation matrix of predictor variables
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Supplementary Material

Fig. S2: Correlation matrix of predictor variables, measured by Spearman’s rank correlation coefficient (rs) ranging from -1 to 1. Size of circle displays strength of correlation coefficient. For details on abbreviations of predictor variables see Table 2.
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Supplementary Material
S3 Table S3: Descriptive statistics for presences and pseudo-absences
of Betula utilis.
S3 Table S3a: Descriptive statistics for presences of B. utilis (Npresences= 590)
Median

Std.dev

Minimum

Maximum

bio1

2.75

2.25

-3.14

10.65

bio2

6.65

0.61

5.23

8.08

bio3

27.79

1.56

24.59

bio4

649.49

81.35

448.23

bio5

12.43

2.78

bio6

-11.12

bio7
bio8

For details on abbreviations of predictor variables see Table 2.
S3 Table S3b: Descriptive statistics for pseudo-absences of B. utilis (Npseudo-absences=
6000)
Median

Std.dev

Minimum

Maximum

bio1

4.06

13.20

-17.70

26.43

bio2

8.17

2.43

3.21

14.59

34.15

bio3

27.94

5.30

21.10

42.90

829.83

bio4

688.05

154.09

359.48

1072.85

5.75

21.08

bio5

15.47

13.61

-6.21

43.57

2.38

-17.70

-4.29

bio6

-10.19

13.39

-33.41

12.87

23.75

2.73

17.57

30.19

bio7

28.67

5.23

14.19

38.05

10.42

2.44

4.08

18.22

bio8

12.26

10.72

-16.01

31.69

bio9

-2.69

2.78

-9.15

6.35

bio9

-3.03

14.29

-24.66

29.66

bio10

10.42

2.54

4.08

18.76

bio10

12.37

11.40

-8.10

34.59

bio11

-5.14

2.33

-11.68

2.13

bio11

-4.17

14.09

-26.27

19.04

bio12

1339.18

603.10

371.42

3652.11

bio12

919.48

784.83

53.39

5979.20

bio13

320.28

156.36

83.41

829.22

bio13

234.18

173.14

13.82

1004.33

bio14

11.54

4.07

2.27

47.52

bio14

5.12

7.11

0.12

85.81

bio15

96.96

11.99

48.35

119.05

bio15

114.84

22.55

31.67

154.83

bio16

793.78

390.15

213.91

2066.47

bio16

597.20

440.60

33.84

2597.38

bio17

56.79

24.14

9.75

228.51

bio17

28.17

33.76

0.76

402.40

bio18

790.78

388.58

213.91

2066.47

bio18

431.04

410.37

32.86

2597.38

bio19

84.71

60.81

11.96

336.38

bio19

39.36

55.90

0.77

534.17

prec_may

91.00

55.70

24.39

405.46

prec_may

36.27

96.97

1.63

711.22

prec_mam

69.16

34.12

19.39

298.27

prec_mam

24.79

62.66

1.59

547.33

alt

3970.00

327.85

2644.00

6077.00

alt

4071.00

2279.39

20.00

6816.00

aspect

218.39

115.91

0.00

359.34

aspect

176.89

98.58

-1.00

359.93

slope

90.00

0.00

89.97

90.00

slope

89.99

5.69

0.00

90.00
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Supplementary Material
S4 Table S4: Confusion matrix of model predictions averaged over 5 runs for Betula
utilis in the Himalayan mountains (NTest= 1317), to calculate the True Skill Statistics
(TSS = 0.89), thresholded at 0.088.

observed

predicted 1

0

1

0

107

71

5

1134
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Supplementary Material
S5 Fig. S5: Continuous predictions of the current distribution of Betula utilis.

Fig. S5: Continuous predictions of the current distribution of Betula utilis predicted by all 5 model runs (larger in size).
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Supplementary Material
S6 Fig. S6: Geographic extent of regions predicted as the potential distribution of Betula utilis

Fig. S6: Geographic extent of regions predicted as the potential distribution of Betula utilis (green) thresholded at True Skill Statistics (TSS ≥ 0.89) and distribution of B. utilis according to the Schweinfurth vegetation map (red) (Schweinfurth, 1957) (larger in
size).
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Supplementary Material
S7 Fig. S7: Maps of disagreement between CHELSA and WORLDCLIM.

Fig. S7: Maps of disagreement between CHELSA and WORLDCLIM for each variable used
in the modelling approach. Black colours represent higher values for CHELSA compared to WORLDCLIM, and white colours higher values in the WORLDCLIM data set. Grey
implies no difference between the climate data sets.
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Supplementary Material
S8 Fig. S8: Intersection of binary projections by both climate data sets.

Fig. S8: Intersection of binary projections by both climate data sets (areas predicted
by CHELSA climate data = purple; areas predicted by WORLDCLIM climate data= blue;
areas predicted by both climate data sets= black).
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Supplementary Material
S9 Fig. S9: Variable importance for all models based on four predictor variable sets
and their combinations.

Fig. S9: Variable importance for all models based on four predictor variable sets and their
combinations. Topography (TOPO); Chelsa climate data (CLIMATE); Chelsa climate data and
topography (CLIMATE + TOPO); Chelsa climate data and Land Cover Dynamics data (CLIMATE
+ PHENO); Chelsa climate data, topography and Land Cover Dynamics data (CLIMATE + TOPO
+ PHENO); Land Surface Temperature (LST); Land Surface Temperature and topography (LST
+ TOPO); Land Surface Temperature and Land Cover Dynamincs data (LST + PHENO); Land
Surface Temperature, topography and Land Cover Dynamics data (LST + TOPO + PHENO); Land
Cover Dynamics data (PHENO) and Land Cover Dynamics data and topography (PHENO +
TOPO) The results for training and test data are displayed (training 80% and testing 20%).

168

Supplementary Material
S10 Fig. S10: Continuous predictions of all models based on four predictor variable
sets and their combinations.
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Supplementary Material
Fig. S10: Continuous predictions of all models based on four predictor variable sets
and their combinations. Topography (TOPO); Chelsa climate data (CLIMATE); Chelsa climate data and topography (CLIMATE + TOPO); Chelsa climate data and Land Cover Dynamics data (CLIMATE + PHENO); Chelsa climate data, topography and Land Cover Dynamics data (CLIMATE + TOPO + PHENO); Land Surface Temperature (LST); Land Surface Temperature and topography (LST + TOPO); Land Surface Temperature and Land
Cover Dynamincs data (LST + PHENO); Land Surface Temperature, topography and
Land Cover Dynamics data (LST + TOPO + PHENO); Land Cover Dynamics data (PHENO)
and Land Cover Dynamics data and topography (PHENO + TOPO) The results for training and test data are displayed (training 80% and testing 20%).
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Supplementary Material
S11 Fig. S11: Detailed excerpt of continuous predictions of all models based on four
predictor variable sets and their combinations.
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Supplementary Material
Fig. S11: Detailed excerpt of continuous predictions of all models based on four predictor variable sets and their combinations. Topography (TOPO); Chelsa climate data
(CLIMATE); Chelsa climate data and topography (CLIMATE + TOPO); Chelsa climate data
and Land Cover Dynamics data (CLIMATE + PHENO); Chelsa climate data, topography
and Land Cover Dynamics data (CLIMATE + TOPO + PHENO); Land Surface Temperature
(LST); Land Surface Temperature and topography (LST + TOPO); Land Surface Temperature and Land Cover Dynamincs data (LST + PHENO); Land Surface Temperature,
topography and Land Cover Dynamics data (LST + TOPO + PHENO); Land Cover Dynamics data (PHENO) and Land Cover Dynamics data and topography (PHENO + TOPO) The
results for training and test data are displayed (training 80% and testing 20%).
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