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— 35599-930539s (1861 — 1915)

“Nature is a manifestation of divine harmony, and the human being — a part of this
harmony. No matter what worldly interests a person may have, they will ultimately be
doomed if they do not listen to nature’s mystical language, do not believe in its invisible

spirituality, and do not share in its pain!”

— Vazha-Pshavela (1861 — 1915)



Summary

The South Caucasus is a biodiversity hotspot characterized by complex biogeographic conditions and
a legacy of refugial persistence. Located between the Greater and Lesser Caucasus, the country of
Georgia (Sakartvelo) spans a relatively small land area of approximately 69,700 km?, yet exhibits an
exceptional degree of climatic, geological, and topographic variation. This environmental complexity
sustains diverse communities which are characterized by a high degree of species endemism.

With approximately 40% of the country’s land area being forested, forest ecosystems extend
along multiple biogeographic gradients, exemplifying the region’s ecological diversity. Between
2019 and 2021, these ecosystems were systematically assessed by the Government of Georgia within
the framework of a National Forest Inventory for the first time to support forest policy and
conservation planning. The resulting dataset offers an unprecedented opportunity to investigate
patterns of forest diversity in this scientifically underexplored region and its environmental drivers
at national scale.

The field of ecophylogenetics explores how evolutionary relatedness shapes species
coexistence and biodiversity across environments. This thesis demonstrates how ecophylogenetic
concepts can be applied to forest classification and biodiversity monitoring using a real-world,
regional-scale case study. Based on systematic sample plot observations from a nation-wide forest
assessment and a standardized megaphylogeny, I apply unsupervised cluster analysis based on a
phylogenetically informed dissimilarity metric to species compositional data. By evaluating the
resulting hierarchical structures, cluster coherence and spatial patterns of grouped species
assemblages across environmental gradients, this study provides empirical evidence that quantifying
species identity via evolutionary proximity strengthens ecologically meaningful stratification. This
integration of ecophylogenetic theory in forest monitoring frameworks demonstrates that moving
beyond traditional nominal species classifications offers a more nuanced perspective on community
composition.

This cumulative dissertation comprises three research articles. A first comparative analysis
(Discriminating woody species assemblages from National Forest Inventory data based on
phylogeny in Georgia in Ecology and Evolution, 14(7), 2024) shows that incorporating phylogenetic
information into quantifying dissimilarity for clustering woody species observations yields higher
internal cluster coherence than using species-neutral metrics. In addition, by quantifying
phylogenetic variability, mapped species assemblages align more clearly with expected
biogeographic gradients, underlining the potential for standardized community classification.
Building on this, predictive modeling (Predicting woody species assemblages using ecophylogenetics
and Earth observation data in Forest Ecology and Management, Volume 589, 2025) demonstrates
that phylogenetically informed cluster membership can be predicted via proxy variables for climate,

soil, topography, and spatial configuration derived from Earth observation data. This predictive
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potential indicates that species assemblages reflect relative positions along environmental gradients,
but these relationships weaken with increasing structural homogenization and the presence of
neophytes, reflecting constraints imposed by stand disturbance. Comparing changes in structural
stand characteristics along a field-assigned degradation gradient reveals distinct response dynamics
and resilience thresholds across phylogenetically informed clusters (Manuscript Stand structural
change along a degradation gradient in the National Forest Inventory of Georgia under submission
in European Journal of Forest Research).

In summary, this dissertation investigates how ecophylogenetic concepts can be integrated
into the classification of forest communities for the first time. Within the framework of large-scale
forest inventories, I operationalize these principles to demonstrate their general applicability and
added value for forest classification and biodiversity monitoring. When interspecies phylogenetic
variation is quantified for stratification, the spatial distribution of resulting strata aligns with
environmental gradients. These findings show that accounting for evolutionary relationships enables
the ecological interpretability of community patterns and the environmental factors that shape them.
The resulting strata also maintain functional and structural coherence, supporting a broader
ecological understanding of community organization. The scalable methodology developed in this
thesis can be used to refine forest typologies and to model forest-type-specific dynamics of forest
structure and species distribution patterns. This data-driven approach translates ecophylogenetic
principles into applied forest monitoring and classification practice, offering a robust framework for
regional-scale assessment. In biodiversity hotspots such as the South Caucasus, it provides an
evidence-based basis for identifying evolutionarily distinct communities, informing conservation
priorities, and stimulating future research on ecosystem responses to environmental change.
Fundamentally, it supports a conceptual shift toward more holistic biodiversity evaluation and forest

management in line with current trends in ecological research.
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Translated Summary (in Georgian)
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Introduction

1 Introduction

Global biodiversity is continuously declining as a result of human activity (Vellend et al., 2013;
Wiebe & Wilcove, 2025). The magnitude by which human society alters ecosystems globally has
led scientists to refer to the current epoch as the Anthropocene (Barnosky et al., 2012; Steffen et
al., 2015). Human activities include land-use and land cover change, pollution, overexploitation of
resources, the introduction of invasive species, and greenhouse gas emissions, which are reshaping
ecosystems around the world. These changes affect the condition, organization, functioning, and
evolution of biological systems at multiple scales, resulting in ongoing loss of biodiversity (Fazan
et al., 2020; IPBES, 2021; Keck et al., 2025). Biodiversity is distributed unequally across Earths’
ecozones (Hagen et al., 2021; Oyebanji et al., 2023; Alzate & Hagen, 2024). Occupying around a
third of the planet’s land surface, forest ecosystems host the majority of Earth’s terrestrial
biodiversity (Chirici et al., 2012; FAO, 2020; Gillerot et al., 2021; Heym et al., 2021). The most
recent global Forest Resources Assessment (FRA) by the Food and Agriculture Organization
(FAO) along with other sources report that the worldwide forest areas continue to diminish (FAO,
2020; Estoque et al., 2022), and biodiversity loss in temperate forest ecosystems has grown more
severe over the past decade (Butchart et al., 2010; Paillet, 2017; Da Silva et al., 2019; Forzieri et
al., 2022). International agreements and initiatives continue to advocate robust monitoring systems
to address and prevent further biodiversity loss in forests and other ecosystems (Newton & Kapos,
2002; Chirici et al., 2012; European Commission, 2021; Hughes & Grumbine, 2023).

Due to the variability of forested areas across climatic zones, national definitions of “forest”
differ, depending on ecological, cultural, legal, or land-use criteria (Chazdon et al., 2016). Most
definitions emphasize the presence of woody vegetation as a core component, but criteria regarding
height, required canopy cover, and minimum land area thresholds may vary (Vidal et al., 2016b).
For the FRA of 2020, FAO has defined forest as “land spanning more than 0.5 hectares with trees
higher than 5 meters and a canopy cover of more than 10 percent, or trees able to reach these
thresholds in situ” excluding land that is primarily for urban development or agricultural (FAO,
2018). However, diverting national definitions persist and hinder harmonization of monitoring,
reporting, and conservation planning (McRoberts et al., 2009; Trentanovi et al., 2023). The term
"biodiversity" has a broad meaning, encompassing multiple levels of observation and being
inherently dependent on the temporal and spatial scales at which it is measured (Kaennel, 1998).
As such, defining biodiversity is complex, since it relates to various components of ecological
complexity and spans a wide array of elements that contribute to its entirety across different
dimensions and scales (Legendre & Legendre, 2012; Heydari et al., 2020). Despite lacking a
standardized definition, the concept of biodiversity is recognized as one of the most important
properties of ecosystems, as it entails numerous services to humans (Ricotta, 2005; Hooper et al.,

2005; Legendre & Legendre, 2012; Heydari et al., 2020). Nonetheless, forest biodiversity is
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subjected to a wide range of threats and pressures, i.¢., habitat loss and degradation, shifts in species
composition caused by human-induced disturbances, environmental change, invasive species,
overexploitation, and pollution (Fazan et al., 2020; Guo et al., 2020; Betts et al., 2022; Wiebe &
Wilcove, 2025). As a result, forest biodiversity is declining (Brockerhoff et al., 2017; Helfenstein
et al., 2025).

Several international initiatives and agreements are dedicated to preserving biological
diversity. For example, biodiversity, its protection, enhancement, management and utilization is
among the core topics of international policies as reflected in the United Nations Convention on
Biological Diversity (UN-CBD). UN-CBD defines biodiversity as “[...] the variability among
living organism from all sources including inter alia, terrestrial, marine and other aquatic
ecosystems and the ecological complexes of which they are part; this includes diversity within
species, between species and of ecosystems” (Thompson et al., 2009). In the scientific community,
a universally accepted definition of biodiversity is lacking, but often referred to as “the variety of
all life forms, their ecological roles and the genetic diversity that they contain” (sensu Wilcox,
1984; Heydari et al., 2020). In addition to the three components of biodiversity commonly
addressed in forest ecosystems, i.e., composition, structure, and function (Alberdi et al., 2010), the
genetic variability expressed by species communities has gained increased interest (Gaggiotti et
al., 2018). Moving beyond addressing species identity as nominal variable, (as “species-neutral”,
sensu Chao et al., 2010), incorporating species biological relatedness (taxonomic, phylogenetic, or
functional) broadens the means to quantify forest diversity by considering interspecies biological
variability (Clarke & Warwick, 1999, 2001; Hao et al., 2019a, Chapter 1.2). Hence, our
understanding of biodiversity has started to extend to the taxonomic, phylogenetic, genetic and
functional dimensions in which each species contributes uniquely to the overall complexity. This
broader view is reflected in the Kunming-Montreal Agreement of the Global Biodiversity
Framework, where genetic diversity is explicitly addressed as part of a monitoring framework to
be established (UNEP, 2022).

For any type of scientific assessment or survey in forest science, the concept of “forest
biodiversity” needs to be operationalized. Accordingly, any monitoring system requires the
definition and provision of standardized, applicable protocols observing respective indicators.
Within these protocols, specific variables are assessed, and their observed values, aggregates,
distributions, or temporal changes serve to inform particular information needs. Some variables
directly provide the needed information, while others must be combined into indicators to address
information requirements. The inherent complexity of “biological diversity” that manifests across
multiple scales requires its different dimensions to be broken down into simple indicators whose
attributes can be recorded in the field, derived from several variables, or measured via remote

sensing (RS, Chapter 1.4.2). As genetic diversity is recognized as a fundamental level of
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biodiversity, and the availability of tools for its quantification is continuously increasing, the
operationalization of indicators for its assessments is essential.

The field that integrates population genetics, landscape ecology, and spatial statistics to
understand how landscape features influence genetic diversity and population structure has been
termed landscape genetics (Storfer et al., 2007; Capblancq & Forester, 2021). Driven by advances
in high-throughput sequencing (HTS, Zizka et al., 2020), the field has rapidly evolved over the past
decade, developing new statistical methods to incorporate genomic data from both plants and
animals to study adaptive genetic variation, including gene flow, local adaptation, and responses
to environmental change (Holderegger et al., 2010; Schoville et al., 2012; Manel & Holderegger,
2013; Epps & Keyghobadi, 2015). HTS combines several sequencing platforms, thus allowing a
rapid and cost-effective processing of large numbers of DNA molecules in parallel, enabling
comprehensive studies such as whole genome and transcriptome analyses, mutation detection, and
epigenomic profiling (Gobet et al., 2010; Reuter et al., 2015; Eberle et al., 2020; Lee, 2023). Due
to its capacity to generate large volumes of high-quality genetic data, this technology has become
indispensable in genomics, biodiversity assessments, and studies on community composition,
while also facilitating the continuous refinement of phylogenies (Kumar et al., 2022b; Capblancq
et al., 2024). Recent applications extend its use to landscape-scale analyses of genetic variation
patterns (Bragg et al., 2015; Balkenhol et al., 2019). These approaches offer powerful insights into
evolutionary processes, species distributions, and local adaptation, with important applications in
conservation and management (Manel & Holderegger, 2013; Kumar et al., 2022a; Lapin et al.,
2025).

Whereas intraspecific genetic variability is difficult to measure at large scales, interspecies
genetic variability can be directly quantified if taxonomically standardized species records are
provided. Integrating genetic variability into standard biodiversity assessments enables the use of
phylogenetic dissimilarity between co-occurring species to reveal evolutionary and functional
relationships. These patterns remain undetected by traditional diversity measures, which do not
incorporate the biological information embedded in species co-occurrence (Ricotta & Pavoine,
2015). The focus here is on phylogenetic diversity (PD), expressed as the ancestral relationships
among species, thereby extending directly observed diversity metrics to incorporate their
evolutionary lineage structure (Chave et al.).

As advances in HTS and other genomic tools facilitate increasingly rapid genetic data
analyses, ever more comprehensive and standardized phylogenies become freely available online.
Consequently, species PD can be easily operationalized for community assessments as an indicator
for genetic diversity, producing “genetic landscapes” that reflect phylogenetic structure at broad
scales. Despite this potential, phylogenetic diversity has rarely been integrated into operational

forest inventory systems, which continue to rely predominantly on taxonomic metrics (Chapter
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1.4.1). There remains a lack of studies demonstrating how PD can be applied to inform
classification and monitoring in real-world forest inventory frameworks.

This study operationalizes PD for forest classification within the framework of large forest
inventories (Chapter 1.3). In doing so, I focus on a specific aspect of forest biodiversity, namely
interspecies genetic diversity, defined within a phylogenetic framework and assessed across
observed species compositions. Hence, this research examines whether the integration of
phylogenetically informed diversity metrics can effectively classify forest communities using real-
world data from the first National Forest Inventory of Georgia (GNFI, Chapter 1.4.1.1).

To the best of the author’s knowledge, no previous study has applied PD metrics to cluster
forest assemblages using National Forest Inventory (NFI) data despite the relevance of such
inventories for large-scale biodiversity monitoring. This study expands the application of PD by
examining spatial patterns of phylogenetic dissimilarity across an entire NFI. Using phylogenetic
dissimilarity-based cluster analyses weighted by basal area (BA), species communities are
classified, thereby revealing patterns that reflect the phylogenetic structure of woody species
assemblages at the landscape level. By combining phylogenetic and structural indicators within a
robust forest inventory framework, this research provides scalable biodiversity reference data to
guide restoration planning and ecosystem-condition monitoring in temperate forests.

Given the growing emphasis on biodiversity monitoring, this study contributes to the
development of indicators suitable for large-scale forest diversity assessments (Chapter 1.4), which
if based on permanent observational plots produce invaluable diversity data at low and predictable
costs across extensive areas. In line with stipulated commitments of initiatives such as the
Kunming—Montreal monitoring architecture (UNEP, 2022) and the objectives of the EU
Biodiversity Strategy for 2030 (European Commission, 2021), this study combines forest
mensuration with methods from numerical ecology to establish a multidisciplinary and statistically
rigorous framework for analyzing forest biodiversity. Drawing on the theoretical framework of
ecophylogenetics (Chapter 0), this study explores whether classification approaches that
incorporate phylogenetic variability enhance our understanding of community assembly processes
when applied to large-scale forest inventory data (Chapter 1.6). This integration is made possible
by the rapid expansion of available mega-phylogenies and the analysis tools required to process
large datasets.

In conceptual terms, this study contributes to a methodological shift in forest biodiversity
research by integrating phylogenetic information into forest classification and analysis. By
incorporating evolutionary dissimilarity, the analysis moves beyond conceiving species
composition as a mere list of nominal categories, assuming ecological neutrality across taxa. This
approach allows for a broadened understanding of community assembly by embracing interspecific
variability, niche conservatism, and trait-based filtering processes. It also contributes to the

discourse on ecophylogenetics, by investigating if evolutionary relationships can be meaningfully
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applied to classification at the landscape scale, resulting in interpretable distribution patterns across
forested landscapes. The specific research objectives, along with the methodological approach
taken to address them, are outlined in detail in Chapter 1.7.

To guide the reader, the following section outlines the structural logic of the dissertation
and explains its conceptual rationale. Chapter 0 introduces the concept of ecophylogenetics and
briefly summarizes the competing conceptual notions of the field. Forest diversity and its
assessment, within the context of forest inventory is presented in Chapter 1.2, followed by a
summary on forest classification in Chapter 1.3. Subsequently, I present an overview of forest
assessments in Chapter 1.4 ff., a short introduction of the GNFI (Chapter 1.4.1.1), and a brief
overview of remote-sensing based methods and Earth observation (EO) data for forest diversity
assessment (Chapter 1.4.2). Georgia is presented as the study area of this thesis in Chapter 1.5,
including condensed descriptions of current forest management and monitoring issues (Chapter
1.5.3 and 1.5.4., respectively). Chapter 1.6 describes the technical backbone of the research, by
outlining the data processing and management environment applied for the analyses of this large
dataset. Concluding the introduction, Chapter 1.7 defines the specific research questions and
provides an methodological overview of the chosen approaches.

Building on the conceptual considerations presented in this introduction the following
Chapters apply the proposed framework to empirical data from GNFI. Chapters 2 to 4 represent
the empirical core contribution of this dissertation. Focusing on distinct aspects of PD integration,
these Chapters highlight its potential for classification, monitoring, and structural assessment
within NFI frameworks on the basis of two peer-reviewed and one submitted research articles. The
presented studies demonstrate how PD can be operationalized to improve our understanding of
ecological processes and the evolutionary history that shape them at large spatial scales.

The study presented in Chapter 2 demonstrates that accounting for interspecies variability
enhances the discrimination of woody species assemblages from GNFI data. By directly comparing
the results of unsupervised cluster analyses using both species-neutral and phylogenetically-
weighted dissimilarity measures, this research shows that classifications align closely with
elevation and forest typology maps, when PD is considered. To support the observation that
phylogenetic dissimilarities between woody species assemblages reflect relative position along
biogeographic gradients, environmental correlates are used to model membership of
phylogenetically grouped clusters in Chapter 3. Providing empirical evidence that cluster
membership can be predicted via multivariate EO data and machine learning, the study supports
the concepts of ecophylogenetics which link community assembly processes to environmental
filtering. However, prediction accuracy is shown to be constrained by external impacts from
disturbances or nonnative species occurrences. Chapter 4 explores structural variability between
phylogenetically informed clustering along a field-assessed degradation gradient. By quantifying

structural changes within clustered forest formation, it demonstrates that responses to increasing
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degradation are formation specific and non-linear, thereby highlighting a meaningful conceptual
distinction between short-term disturbance dynamics and long-term degradation processes in forest
assessments from a structural perspective.

An integrative synthesis that consolidates the thesis’s core findings is provided in Chapter
5. From a broader perspective, the contributions to an ecophylogenetic understanding of forest
biodiversity of this thesis are discussed and overarching conclusions, challenges, and opportunities
for future research are highlighted. In Chapter 5.1, the methodological and ecological implications
of incorporating phylogenetic structure into forest inventories are compiled, and their relevance for
forest classification and management is explored in Chapter 5.2. The final Chapter 5.3 is dedicated

to the suitability and potential of large-scale forest inventories as a tool for biodiversity monitoring.

1.1 Ecophylogenetics

The field of phylogenetic ecology (ecophylogenetics) examines how evolutionary history shapes
the composition of ecological communities by integrating phylogenetic relationships to investigate
the mechanisms underlying local community assembly (Mouquet et al., 2012; Davies, 2021). It is
based on the concept that interspecies phylogenetic of co-occurring species are generally not
stochastic but determined by environmental factors and niche divergence (Provete, 2013).
Emerging in the late 1990s from efforts to incorporate evolutionary history into community
ecology, it focuses on the influence of regional and historical processes on local biodiversity
patterns (Webb, 2000; Webb et al., 2002).

A central assumption is that phylogenetic clustering occurs because of environmental
filtering, meaning that species of similar traits or function also tend to be phylogenetically similar,
because of the same environmental factors that shaped them evolutionary, i.e., gymnosperms
occupying mostly niches of climatic extremes (Vamosi et al., 2009; Cadotte et al., 2013; Ndiribe
et al., 2013, Chapter 2). This phenomenon can be most easily observed along biogeographic
gradients on larger scales, e.g., temperature, aridity (e.g., occurrence of Cactaceae) soil nutrient
availability, as demonstrated by Fine & Kembel (2011). Whereas environmental filtering is often
identified as a key process that separates species with suitable traits for a specific environment,
competition mechanisms have also been shown to influence community composition, e.g., when
closely related species may mutually exclusive due to overlapping niches (McGill et al., 2006;
Godoy et al., 2014; Cadotte, 2023). As a result, phylogenetic overdispersion tends to occur where
competitive exclusion or other coexistence mechanisms lead to niche differentiation and larger
phylogenetic dissimilarity between co-occurring species at finer spatial scales (Cavender-Bares et
al., 2006). However, key debates persist, i.e., the relative influence of environmental filtering

compared to competitive interactions (Kraft et al., 2015; Cavender-Bares et al., 2018).
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Increasingly, consensus is reached to consider that these processes are not mutually exclusive as
both mechanisms may operate concurrently, with relative importances shifting across spatial and
environmental gradients (Mayfield & Levine, 2010; McGill & Magurran, 2011; Cadotte, 2017;
Davies, 2021).

A second debate revolves around the question to which degree phylogenetic relatedness
serves as a reliable proxy variable for trait similarity or functional properties of a species. Based
on the assumption that ecological traits are evolutionary conserved, closely related species are thus
expected to share more similar trait values than distantly related species. If phylogenetic
relatedness reflects ecological similarity, hence, phylogenetic variation can serve as proxy for
functional resemblance (Davies, 2021). Consequently, competition for limiting resources would
lead to phylogenetic overdispersion by inhibiting the co-existence of closely related species. Many
studies report strong phylogenetic signals in key ecological traits, supporting the use of phylogenies
in inferring community assembly processes (Cavender-Bares & Wilczek, 2003; Cavender-Bares et
al., 2018). The concept of environmental filtering assumes that phylogenetic clustering occurs
because close relatives share similar environmental preferences (Davies, 2021). Supporting this
notion, other studies have shown that traits are not phylogenetically conserved, but can evolve
rapidly or converge across distant lineages, especially in response to environmental pressures or
disturbance regimes, thereby weakening the link between phylogeny and species function
(Valladares et al., 2015; Mazel et al., 2018).

As a result, the interpretation of scale-dependent patterns resulting from divergent
dynamics in phylogenetic community structure remains a subject of ongoing debate (Antdo et al.,
2019). Observed patterns such as clustering or overdispersion often change depending on the
spatial, temporal, or taxonomic resolution of the analysis (Swenson et al., 2006; Qian et al., 2013).
Consequently, questions about the most appropriate scale for detecting underlying assembly
processes and about the extent to which conclusions can be generalized across different ecological
contexts have emerged (Graham & Fine, 2008).

Regardless, the field of ecophylogenetics has solidified the conceptual transition from
understanding species identity as independent, nominal category to a perspective of considering
relational and evolutionary aspects as part of community structure (Slik et al., 2018; Guillory &
Brown, 2021). As phylogenies have become widely available and easily accessible,
ecophylogenetics has expanded its relevance beyond community ecology, while continuing to
refine its theoretical and methodological foundations. With the numbers of identified species
sequenced via gene expression (i.e., HTS) continuing to grow rapidly, phylogenetic concepts have
found their way into biodiversity research and conservation (Tucker et al., 2017). Once a surrogate
for contexts in which phylogenetic information on recorded species was scarce, the bias inherent
in taxonomic relatedness is reduced and with the increasing access to comprehensive ready-for-

analysis megaphylogenies, researchers can now retrieve phylogenetic relationships from existing
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databases, facilitating a broader application of the underlying concepts. E.g., Jin & Qian (2022)
report an exponential increase in publications using the tools applied to generate plant phylogenies
since 2016, with 180 studies published in 2021 alone.

Ecophylogenetic concepts embed aspects of evolutionary history into ecological analyses
focusing on community development and structure. Considering the phylogenetic relatedness of
species within ecological communities allows to observe phylogenetic clustering or
overdispersion, which reveal evolutionary dynamics (e.g., via shared ancestry) indicative of
ecological functions of species, i.e., resource use or dispersal strategies and their respective role
within ecosystems (Tarkhnishvili et al., 2012). Across large spatial and temporal scales, these
concepts provide means to understand the evolutionary processes that shape the macroecological
patterns observed today. By acknowledging that evolutionary relationships among species
(whether co-existing or generally exclusive) are not stochastic but manifest in their ecological
interactions and consequently shape community structure across spatial, temporal, and
environmental scales, the field of ecophylogenetics bridges evolutionary history and ecological
understanding and provides a comprehensive framework for studying the dynamics of biodiversity.

This conceptual framework forms the basis for the analytical approaches used in Chapters 2 to 4.

1.2 Forest Diversity

To operationalize PD in forest inventories, it is essential to define its position within the broader
framework of forest biodiversity dimensions. Understanding forest biodiversity as a multi-
dimensional, hierarchical construct requires recognizing its expression across multiple
organizational levels (i.e., genetic, taxonomic, phylogenetic, functional, structural, community,
ecosystem, biome), each with distinct spatial and temporal scales (Flynn et al., 2011; Naeem et al.,
2016; Gaggiotti et al., 2018; Jin et al., 2020). Genetic diversity refers to the intraspecific variability
in genetic composition and can be observed on various scales. Beyond intraspecies variation,
genetic diversity can also be assessed at interspecific, landscape, biome, or continental scales
(Holderegger & Wagner, 2008; Kumar et al., 2022a). Spatially informed representations of genetic
variation across a region are used to understand how terrain, habitat, and ecological barriers shape
genetic connectivity and population structure (Balkenhol et al., 2019). Taxonomy represents the
scientific discipline that differentiates and organizes species in hierarchical systems based on
morphology to support communication and understanding of biodiversity and derive biological
relationships between species (Bevilacqua et al., 2021). Functional diversity describes the variation
in the characteristics of a species (e.g., competitiveness, resource use, and dispersal strategies) that
influence ecosystem processes and the co-occurrence of species (Tilman et al., 1997; Petchey &
Gaston, 2002, 2006). A widely cited ecological definition describes it as “the value and the range

of those species and organismal traits that influence ecosystem functioning” (Laureto et al., 2015).
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Diversity is traditionally quantified according to its organization on different spatial levels
with alpha (a) diversity representing local diversity within individual sites or samples (within-
group), and gamma (y) diversity describing diversity at the landscape level (Whittaker, 1960; Jost,
2007; Legendre & Legendre, 2012). On an intermediate scale, beta (B) diversity is conceptually
distinct, as it quantifies the variation in species (species turnover) between sites or samples
(between groups) within a given area and is thus inherently comparative, assessing heterogeneity,
rather than diversity in a stricter sense (Tuomisto, 2010; Mammola et al., 2021). It captures how
diversity is structured in time and space, or along environmental gradients (Legendre & Legendre,
2012). Beta diversity of communities is expressed as the dissimilarities among all pairs of sampling
units. Not being an absolute measure, beta diversity is highly dependent on sampling design and
overall scale of assessment (Anderson, 2018; Baselga & Gomez-Rodriguez, 2019).

From a statistical point of view, diversity indicators (i.e. species richness) measure
categorical (nominal) variables based on the distribution of distinct species and their relative
abundances, independent of any notion of dissimilarity between them (Pielou, 1966; Ricotta &
Avena, 2003). In contrast, variance in continuous (metric) variables, simultaneously reflects both
the spread and magnitude of differences among observations around the mean (Legendre &
Legendre, 2012; Gregorius & Kosman, 2017). Numerous indicators have been developed to
quantify diversity across the three aforementioned levels (Jost, 2006; Pellens & Grandcolas, 2016;
Ricotta & Podani, 2017). Traditional indicators, which rely on species presence and the evenness
of their relative abundances, typically assume that all species are equally distinct by assigning each
an attribute value of one (Magurran & McGill, 2011; Chao et al., 2014). Focusing on only two
aspects of diversity, these indices yield higher values when there are more species and when
individuals are more evenly distributed among them (Magurran, 2005; Chao et al., 2016).
However, treating species identity as a purely nominal category inevitably reduces the inherent
complexity and falls short to capture the full species diversity by oversimplifying the inherent
variation within species assemblages (Leinster & Cobbold, 2012). When species are treated as
nominal variables, interspecific differences (and hence diversity) are not explicitly measured, as
the following simplified example illustrates: Two sites A and B are assessed, with A containing
three species, Quercus robur L, Castanea sativa Mill. and Fagus orientalis L., and on B, F.
orientalis, Tilia cordata Mill. and Acer platanoides L. are recorded. Based on species richness
alone both sites would be considered equally diverse. If abundances of all five recorded species are
similar, even abundance sensitive indices (i.e., Bray-Curtis dissimilarity, Bray & Curtis, 1957) will
yield similar diversity estimates for both samples. However, when interspecies dissimilarity is
considered, the higher diversity of site B emerges. Site A contains only Fagaceae, while site B
spans three families (Fagaceae, Malvaceae, Sapindaceae), revealing higher diversity when
interspecies dissimilarity is taken into account. Hence, from a conservation perspective, a

community composed of phylogenetically or taxonomically distinct species (sample B) is
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considered more diverse than one dominated by closely related taxa (sample A), assuming equal
species richness and respective abundance (Davies & Buckley, 2011; Chao et al., 2016). The idea
that traditional species diversity measures based solely on abundance could be expanded to include
phylogenetic, functional, or other forms of interspecies dissimilarity was first recognized by Pielou
(1975). Phylogenetic dissimilarity can be quantified using evolutionary relationships, whether
derived from taxonomic hierarchies or robust phylogenetic trees (Bacaro et al., 2007). Such
measures are particularly valuable in conservation, as they reflect the evolutionary history
represented within an assemblage (Pellens & Grandcolas, 2016).

Departing from the notion that all species contribute equally to overall diversity, species
identity can instead be embedded within a framework that quantifies interspecies relationships.

Such frameworks exist for taxonomic, phylogenetic and functional relationships.

Taxonomic Diversity

For taxonomic diversity, species can be assigned attribute values that reflect their taxonomic
distinctiveness, typically based on the lengths of branch segments within a taxonomic tree (Clarke
& Warwick, 1999; Chao et al., 2014; Hao et al.,, 2019a). In addition, considering species
organization within, e.g., the Linnaean taxonomic hierarchy allows for approximating diversity,
i.e., by calculating species-to-genus or species-to-family ratios when organisms are identified only
at the genus or family level (Chave et al.; Qian & Jin, 2021). However, the respective ratios can
differ substantially across regions and are highly sensitive to sample size and sampling effort,
which limits the reliability of this method (Gotelli & Colwell, 2001). One could argue that
underlying taxonomical hierarchical relationships are not directly anchored in nature itself, but
result from the methods of classification chosen by taxonomists, geneticists or numerical ecologists
(Bevilacqua et al., 2021). Accordingly, respective distances between taxa appear arbitrary to a
certain extent, as the organization is based on human concepts of distinction or model-based
approaches and undergoes frequent adjustments (Geiger et al., 2016). Taxonomy, as categorical
hierarchy offers limited resolution of the nuanced dispersion of evolutionary genetic shifts that lead
to the establishment of separate species. Clarke & Warwick (1998) introduced average taxonomic
distinctness as a measure to quantify within-sample taxonomic breadth, calculated as the average
taxonomic distance between all species pairs. This approach was later extended by Clarke et al.
(2006) to allow for the inclusion of dissimilarity-based methods by incorporating pairwise

taxonomic or phylogenetic relationships between species across samples.

Functional Diversity
Functional diversity (FD) research has expanded at an accelerating pace over the past two decades
(Davies et al., 2016; Mammola et al., 2021). FD corresponds to the functional distance between

species pairs, expressed either in dissimilarity matrices or in multidimensional trait spaces (Cadotte
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etal., 2013; Mammola et al., 2021; Leps & Bello, 2023). When all interspecies distances are treated
as equal, each species pair is considered functionally equally distinct, effectively assuming a
uniform dissimilarity among functional entities (Mason et al., 2005; Botta-Dukat, 2005; Laliberté
& Legendre, 2010; Gaiizere et al., 2022).

Although certain functional traits may reflect underlying evolutionary relationships,
taxonomic and functional frameworks typically account for phylogenetic relatedness only
indirectly or to a limited extent (Mazel et al., 2018). However, information on shared evolutionary
history is fundamental to a more comprehensive understanding of community diversity, as it
reflects functional differences among taxa and the potential ecological cohesion or divergence
within species assemblages (Srivastava et al., 2012; Zhang et al., 2020; Bevilacqua et al., 2021;
Davies, 2021). Quantifying PD allows researchers to estimate evolutionary relatedness, thereby
offering a finer resolution of community structure by accounting for deep-time divergence among

co-occurring species (Chave et al.).

Phylogenetic Diversity

The concept of PD which considers species not as equal contributors to what we assess as
biodiversity, but as representatives of distinct evolutionary lineages was introduced by Faith (1992)
around three decades ago. PD has become a foundational concept in ecology for identifying not
just how many species are present, but how different they are in evolutionary terms, providing a
critical link between biodiversity and ecosystem function with significant implications for
conservation management (Cardillo, 2023). PD (sensu Faith, 1992) is defined, analogous to
taxonomical diversity, as “the total branch-length in the (phylogenetic) tree linking taxa in a
sample”. Phylogenetic models, which generate trees linking taxa within a sample, focus
conceptually and explicitly on evolutionary pathways through time, whereas cladistic approaches
may rely on morphological or other traits to infer relatedness, which may or may not align with
evolutionary pathways (Hinchliff et al., 2015). Previous studies proposed that PD could be used as
a proxy for FD, based on the assumption that evolutionary similarity of species tends to result in
similar traits (Cadotte et al., 2008). Since FD is commonly based on a limited number of measured
traits, PD is expected to have a greater explanatory power, as it potentially represents a more
inclusive overall measure of functional strategies (Cadotte et al., 2008; Hao et al., 2018; Mammola

etal., 2021).

Genetic Diversity

Phylogenetic trees for vascular plants can be constructed using a combination of morphological,
fossil, and genetic data (Doyle, 1998; Zanne et al., 2014). While morphological characteristics have
historically been essential for resolving early vascular plant relationships (Soltis et al., 1997; Niklas

& Crepet, 2020), genetic evidence has become increasingly central to modern phylogenetic
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analyses (Jin & Qian, 2019, 2022). Modern phylogenies of vascular plants are constructed using a
variety of molecular, computational, and statistical approaches, building on foundational studies
such as Chase et al. (1993) and the Angiosperm Phylogeny Group (APG I, 1998), which established
early plastid and nuclear ribosomal DNA markers for resolving deep evolutionary relationships
(Calonje et al., 2009; Smith & Brown, 2018). Advances in sequencing technologies enabled
comprehensive phylogenomic analyses, including plastid genomes (Felsenstein, 1981; Jansen et
al., 2007) and transcriptomes (Wickett et al., 2014; One Thousand Plant Transcriptomes Initiative,
2019), improving phylogenetic resolution across green plants. Here, supermatrix approaches can
combine extensive datasets of multiple gene sequences into a single, comprehensive matrix to
reconstruct large-scale phylogenies (Smith & Brown, 2018). In addition, Bayesian methods are be
employed for probabilistic modeling to estimate phylogenies from molecular sequence data (Yang
& Rannala, 1997). Landmark studies like Zanne et al. (2014) demonstrate the utility of mega-
phylogenies for macroevolutionary inferences. Current efforts are based on HTS approaches i.e.,
DNA barcoding of eukaryotic organisms, which greatly increase practicability, in terms of required
time and costs and enhance precision of phylogenetic classification (Hebert et al., 2003;
Ratnasingham & Herbert, 2007; Zizka et al., 2020). Using DNA barcoding, research alliances i.e.,
the “International Barcode of Life” (iBOL), strive to systematically establish comprehensive DNA
barcode reference libraries to support biodiversity monitoring and conservation (Adamowicz,
2015). Yet, whereas correlations between abundances and read numbers per sample have been
observed, abundances cannot be reliably determined from assessments focused on metabarcoding
(Zizka et al., 2020). As specimen collections are rarely systematic and metadata assessment is not
standardized, modeling approaches incorporating auxiliary data, e.g., via RS or EO data (Chapter
1.4.2), are constrained (Kissling et al., 2018; K&nig et al., 2019; Kattge et al., 2020). However, the
advances in DNA barcoding and phylogenomic techniques, combined with open-science initiatives
i.e., iBOL or the “Open Tree of Life” are enabling continuous refinement, and expansion of
phylogenetic backbones from which reliable phylogenies can be constructed (Hinchliff et al., 2015;
Mirarab & Warnow, 2015; Hao et al., 2021).

Hence, for any list of species representing a recorded species pool, phylogenetic
relationships can be derived from localized, frequently updated phylogenies available online (Qian
& Jin, 2016; Jin & Qian, 2022). To construct a hierarchical tree reflecting taxonomic relationships
from the same list, taxonomic distances between species can be estimated based on e.g., six ranks
of the Linnaean classification system: species, genus, family, order, and higher-level groupings
such as angiosperms and gymnosperms (Clarke & Warwick, 1998; Hao et al., 2021). When plotting
these relationships using dendrograms, branch lengths in the taxonomic tree are typically uniform
or arbitrary, reflecting hierarchical ranks rather than evolutionary distance, whereas the
phylogenetic tree shows unequal branch lengths that represent estimated divergence times or

genetic distances (Figure 1.1, Hao et al., 2019b).
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Figure 1.1: Hierarchical relationships of 132 species recorded in a subsample of the Georgian
National Forest Inventory. Taxonomic interspecies distances are shown on the left; phylogenetic
interspecies distances are shown on the right.

While overall species groupings may appear similar in Figure 1.1, the topology of the phylogenetic
tree reflects a more nuanced organization, resulting from the incorporation of genomic data that
reveal patterns of evolutionary history not captured by traditional taxonomy based on morphology
alone (Soltis & Soltis, 2016; APG IV, 2016). The Linnean taxonomic classification is dynamic and
frequently adjusted, especially as complete species inventories and genetic validation through
DNA sequencing are increasingly available (Applequist, 2015; Geiger et al., 2016; Zizka et al.,
2020). Nonetheless, taxonomy remains a useful proxy where full phylogenies or functional traits
of all recorded tree species are not readily available, e.g., for rare species or disputed taxa, such as
in many tropical forest ecosystems (Hao et al., 2019b; Gadow et al., 2021).

Based on this conceptual framework interspecies dissimilarity is calculated as the
cophenetic distance between each pair of species in a hierarchical cluster structure, i.e., a phylogeny
displayed as dendrogram (Potter & Woodall, 2012). The cophenetic distance or similarity between
two taxa corresponds to the level in a dendrogram at which both taxa are first grouped within the
same cluster (Figure 1.1). Any dendrogram can be represented as a matrix where each entry reflects
the cophenetic value for a given pair of taxa. Cophenetic correlation coefficients, which range from
—1 to +1, express the degree of correspondence between two such matrices (Legendre & Legendre,
2012). A positive correlation is expected when distances are compared to cophenetic distances (or
similarities to cophenetic similarities), while a negative correlation arises when distances are
compared to similarities. A higher absolute correlation value indicates stronger agreement between
the structures being compared (Kindt & Coe, 2005). The relationship between two hierarchical

classifications derived from different datasets, e.g., species composition and environmental
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gradients, can be statistically tested using matrix correlation or other consensus-based approaches
(Legendre & Legendre, 2012). In this context, the Mantel test offers a robust method for assessing
the significance of the correlation between two distance matrices, providing a formal statistical
framework for evaluating the similarity between underlying structures, i.e., dendrograms (Chapter
2).

Although derived using similar approaches, taxonomic, phylogenetic, and functional
diversity fundamentally differ in the aspects of biodiversity they each capture. Taxonomic diversity
captures the relationship of species present, whereas FD captures the range of trait differences
between them. In contrast, PD captures the evolutionary relationships between lineages,
encompassing ancient and recent divergence. While these different facets of interspecies diversity
are sometimes congruent, including phylogenetic variability allows for the integration of
evolutionary history in biodiversity assessments (Potter & Woodall, 2012; Wilcox et al., 2018; Ali
et al., 2025). For example, a forest that contains many species that are taxonomically similar (high
species richness) might display low PD if these species are from a narrow evolutionary lineage. In
contrast, relatively species poor forests can be phylogenetically diverse if the occurring species are
only distantly related. The ability to distinguish between these aspects of diversity has profound
implications for conservation management (Zheng et al., 2022).

As such, integrating species distribution, trait, and phylogenetic data offers significant
potential to advance community ecology by supporting informed analyses of community assembly
processes (Webb et al., 2002; McGill et al., 2006; Simon Véron et al., 2019; Vigués Jorba et al.,
2025). Combining multiple, complementary metrics enables more nuanced interpretation of
assembly mechanisms, including different modes of competition and the interplay of evolutionary
history with ecological filtering (Miinkemiiller et al., 2020). This approach combines the ecological
information embedded in species traits with evolutionary relationships to move beyond species-
based descriptions toward a functional characterization of communities (Kraft et al., 2015).
Researchers increasingly complement phylogenetic measures with trait information (Pavoine &
Bonsall, 2011; Bello et al., 2021) or integrate both into single metrics to estimate community niche
structure and overlap (Cadotte et al., 2013).

For the classification of forest communities, the “Discriminating Avalanche” index (dA)
was proposed by Hao et al. (2019b; 2019a; 2021) as a beta dissimilarity metric to quantify
heterogeneity based on species abundance weighted by proximity of each pair of species according
to any biological diversity measure (Tallents et al., 2005). While dA provides a flexible framework
for incorporating interspecies biological distances, other phylogenetically and functionally
informed dissimilarity metrics exist (Chiu et al., 2014; Chao et al., 2016). Measures like dA enable
the quantification of community dissimilarity by combining information on species composition,
abundance, and interspecies biological relationships as defined by taxonomic, phylogenetic or

functional distance. This allows the index to express lower dissimilarity values when species are
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closely related, and higher values when they are biologically distinct. Incorporating PD to quantify
interspecies dissimilarity, dA accounts for evolutionary differences between species, reflecting
functional divergence to the extent that phylogenetic distance approximates functional
dissimilarity. The dA index was developed as an extension of earlier “Avalanche indices” to
provide a more refined measure of community dissimilarity by incorporating biological
heterogeneity among species. It builds on the original Avalanche index proposed by Ganeshaiah et
al. (1997) which was further elaborated by Ganeshaiah & Shaankar (2000), and represents a
generalization of the PD concept introduced by Faith (1992, Hao et al., 2019b).

To evaluate how extended diversity metrics perform in classifying forest communities
using large-scale inventory data, I incorporated dA into unsupervised cluster analyses of GNFI
sample-based observations. To account for evolutionary and to an unknown extent functional
differences between species, [ used PD to weight species abundance, assuming that PD reflects key
aspects of community dissimilarity (Webb, 2000; Webb et al., 2002; 2006; Swenson et al., 2012;
Cadotte et al., 2013). In Chapter 2, the methodological implications using dA for forest
classification are evaluated by juxtaposing quantified dissimilarities with Bray—Curtis

dissimilarities which are widely applied in vegetation classification studies.

Structural Diversity

Structural diversity describes the spatial and relational arrangement of components within a more
or less well-defined system (Gadow et al., 2012). LaRue et al. (2023b) describe structural diversity
as the “volumetric capacity and physical arrangement of biotic components in ecosystems”, that
serves as a predictor of productivity and a proxy of niche occupancy. In a more forest specific
context, according to Chirici et al. (2011) “structure” refers to vertical and horizontal distribution
and physical status (i.e., standing/lying, living/dead/decomposing) of forest biomass.

In forests, a substantial proportion of organisms is represented by woody species, which
define forest structure and constitute the bulk share of biomass (Macia, 2008). The structural and
compositional data collected at stand level by NFIs provide valuable indicators of biodiversity
(McRoberts et al., 2008; Winter et al., 2008; Moreno-Fernandez et al., 2025). Key components of
stand structure include the spatial distribution of tree stems, stand density, and variation in tree
size, amount of deadwood and abundance of tree microhabitats. For example, tree microhabitat
abundance and diversity are recognized as indicator for habitat heterogeneity (Asbeck et al., 2021;
Larrieu et al., 2022; Mamadashvili et al., 2023; Zemlerova et al., 2023). Following an extensive
review of indicators that can be derived from variables commonly assessed in European NFIs that
describe forest structure, Storch et al. (2018) present a combined “forest structure index”. Forest
structural attributes i.e., tree stem density, canopy stratification, or forest development phases offer
direct and proxy variables to model habitat variability and quality (Gadow et al., 2012; Hilmers et

al., 2018; Heym et al., 2021). Greater structural complexity is often associated with higher species

15



Chapter 1.2

richness and increased ecological stability (Pretzsch, 2009; Beckschéfer et al., 2013). Accordingly,
forest structural diversity is closely linked to habitat provision and species richness across forest-
dependent taxa (Steinmann et al., 2011; Chirici et al., 2012; Gao et al., 2014; Seidling et al., 2014).
Respective data are frequently used to study how forest structure influences non-tree biodiversity
(Gao et al., 2015; Reise et al., 2019; Kozak et al., 2021). Moreno-Fernandez et al. (2021) used data
from the Spanish NFI to develop a method to quantify forest structure via nearest neighbor indices
(e.g., Clark-Evans index of aggregation, Clark & Evans, 1954) and second-order moment functions
(i.e., Ripley’s K-function, Ripley, 1977) adapted to the nested sample plot design to assess spatial
patterns, species mingling, and size differentiation of recorded stems. Based on a subset of the
same data, Caceres et al. (2019) classified forest types based on species, tree diameter, and height
and reported that with different structural metrics a similar number of forest types, but diverging
class sizes are obtained. They argue that the inclusion of structural diversity captures fine-scale
variations in compositional data of stands. Investigating how structural diversity relates to diversity
patterns may offer valuable insights, particularly for the identification of fine-scale variation of
forest diversity.

Forest communities may exhibit similar species composition in terms of observed richness
and respective abundances. However, communities can differ significantly in size structure, as
some may contain numerous small-diameter trees, while others may be dominated by fewer
individuals that disproportionately account for total niche occupation (LaRue et al., 2023a). In
addition, abundance estimates based solely on individual counts ignore existing size differences
and may lead to distinct evenness profiles. In forest inventories, a convenient size metric is tree
basal area, as it is directly derived from measured stem diameter at breast height (DBH, at 1.3 m),
and is highly correlated with tree height and tree volume. To weight niche occupancy of forest
communities according to size of constituents, tree basal area can be aggregated per species and
extrapolated to total basal area (BA, m?* ha!) as structurally weighted abundance value that captures
niche occupancy (Staudhammer & LeMay, 2001; Yao et al., 2019; Caceres et al., 2019).

Together, taxonomic, functional, phylogenetic, and structural diversity offer a
comprehensive framework for forest biodiversity assessment. By integrating species distribution,
structural attributes, and evolutionary relationships into NFI data, this study aims to operationalize
phylogenetic diversity (PD) to improve classification approaches and inform conservation planning

at the landscape scale.

1.3 Forest Classification

Vegetation classification aims to summarize the spatial and temporal variation of ecological
communities using a limited set of abstract, interpretable entities. Similarly, forest classification

attempts to organize forest types based on structural, compositional or functional criteria, according
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to specific management, conservation or research requirements. Organizing species communities
along shared characteristics enables the structuring of the inherent complexity of ecological
populations and facilitates the identification of meaningful patterns that allow systematic analyses
or different management options. The resulting structures are fundamental for forest science and
management, as only a comprehensive ecological understanding enables systematic assessments,
long-term monitoring and informed decision making. By reducing the complexity of the object of
interest, a systematical approach to infer the dynamics that shape these entities and their
distribution is possible across spatial and temporal scales.

However, the criteria used to group entities inherently reflect the objectives of the specific
application or discipline, whether for communicating complex patterns, formulating hypotheses,
supporting mapping and monitoring efforts, or guiding effective management and conservation
strategies (Wohlgemuth, 2000; Caceres et al., 2015). When natural entities are classified to reduce
complexity according to specific properties, other forms of variation are left unaddressed to achieve
conceptual coherence (Hao et al., 2019a). As R. H. Whittaker is cited by Dolukhanov (2010) in his
influential description of the forest vegetation of Georgia, “the hierarchical relationships are not
anchored in nature itself, but are caused by the methods of classification chosen by ecologists and

291

their application™'. This observation can be clearly extended to other disciplines, i.e., forest science.
Hence, vegetation classification concepts are shaped by specific choices, which are influenced by
dynamics outside the ecological realm. These include the need to integrate emerging information
needs, new methods, shifting priorities, or changing foundational principles and are thus subject to
continuous updates (i.e., change in taxonomic relationship, genetic classification, etc., Caceres et
al., 2015). In addition, the characterization of discriminated entities needs to reflect the information
required by different end-users, which can be complemented by context-specific supplementary
information related to conservation, vulnerability, management guidance, or ecosystem services.
Ultimately, the logic behind the chosen classification approach is primarily shaped by the intended
use of the classification system.

Most vegetation classification approaches are grounded in the assumption that ecological
complexity is best represented through hierarchical structures, reflecting the nested organization of
plant communities across spatial and ecological scales (Jin et al., 2020). These hierarchies often,
though not always, correspond to increasing scale, from fine-grained species assemblages to
broader vegetation types shaped by climate, topography, and biogeographic history. According to
Maurer & McGill , community is defined “as all the organisms belonging to a set of species found
at a given point in time and space”. Meeting this holistic approach is challenging for complete
terrestrial community assessments, as many organisms are either too numerous and small (e.g.,

microorganisms), too mobile, or too infrequent (e.g., birds, large mammals) to be reliably observed

! This is the author’s translation from a German version of Dolukhanov (2010), which cites Whittaker in Russian.
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during field-based inventories. Immobile woody species represent a notable exception. Even
perennial plants are not always observable at any given time during their life cycle. As a result,
two key implications arise: i) referring to the recorded species in forest inventories as “species
assemblages” is more appropriate, as they do not capture the entire community and ii) there is a
pressing need to infer communities sensu Maurer & McGill from a limited set of easily observable
species assemblages. While the latter serves more as a conceptual framework than an attainable
objective, given the inherent complexity of forest communities, forest classification offers a
promising means to reduce the vast number of potential co-occurring taxa that comprise entire
communities. Since forest inventories systematically record a wide range of site-specific variables
(metadata) to assess correlations between environmental factors and tree growth, this data supports
modeling of species assemblages. In combination with structural attributes (i.e., canopy structure,
biomass distributions or deadwood) these models may enable inferences about the occurrence of a
broader range of taxa.

Over the last decade, vegetation classification has seen renewed global prompting of
national and international initiatives to develop standardized classification systems and databases
(Peet et al., 2012; Faber-Langendoen et al., 2014; Franklin, 2015; Chytry et al., 2016; Kattge et al.,
2020; Chytry et al., 2020; Novak et al., 2023a; Chytry et al., 2024; Song et al., 2024; Knollova et
al., 2024). However, available datasets of botanical descriptions are often limited in terms of
thematic or temporal coverage, and likely not suitable for integration at multiple scales (Mace et
al., 2012), resulting in limited replication potential since reported results are based on small sample
sizes which can often not be replicated in similar studies (Ioannidis, 2005). Because ecological
surveys are specifically designed for the assessment of biodiversity at a specific location, sample
sites are rarely selected according to statistical criteria which limits the possibilities to statistically
derive population properties and to compare findings across spatial or temporal scales (Cutko,
2009). As a consequence, being too local or too restricted to specific objectives rather than to
provide a foundation for large scale monitoring, repeated assessments rarely attract additional
financial resources. In this context, the necessity to build on existing frameworks for data collection
for monitoring becomes apparent (Chirici et al., 2012).

Numerous approaches to plot-based vegetation classification have been developed, each
reflecting distinct methodological traditions, priorities, and spatial scales (Costanza et al., 2018).
Floristic approaches, such as those rooted in the Braun-Blanquet (Braun-Blanquet, 1968) tradition,
classify vegetation based on observed species composition and abundance, typically at local to
regional scales, and often rely on expert judgment within a hierarchical system (van der Maarel,
1975). The selection of plant groups or strata to include in complex ecosystems like forests is often
guided by ecological objectives or technical constraints. For instance, classifications of temperate
forest typically focus only on vascular plants. To address such limitations, some approaches

classify distinct groups of plants with similar size and habitat use, so called synusiae, using
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separate, tailored protocols. Certain branches of phytosociology have refined the related
approaches to classify distinct synusiae as ecologically uniform, single-layered assemblages,
independently. For example, the “Integrated Synusial Approach”, applied in countries such as
Switzerland and France, surveys each synusia (e.g., tree, shrub, herb, cryptogam layers) separately
using distinct protocols. Once these elementary syntaxa are identified, they can be combined to
describe and classify complete plant communities based on their synusial composition (Gillet &
Julve, 2018). In contrast, physiognomic-structural approaches focus primarily on the physical
structure, growth forms (e.g., canopy layers), and floristic composition of vegetation, and are
commonly applied at regional to global scales (Kiichler, 1949; Faber-Langendoen et al., 2014).
Biogeographic or ecozone-based classifications delineate vegetation types based on climatic and
physiographic parameters and operate mainly at large continental to global scales. In forestry,
dominant species approaches, which group forest vegetation communities according to dominance
types (based on maximum BA per species in the canopy layer), are most common. In the forestry
sector of the former USSR, the classification of Sukachev & Dylis (1964) was widely adopted,
combining species dominance in the canopy layer with characteristics of the lower vegetation strata
and site properties to create a hierarchical system that captured both compositional and structural
aspects of vegetation (Ivanova & Zolotova, 2014). Existing classifications in forestry in Georgia
are traditionally based on qualitative assessments, such as groups of vegetation communities or
delineated management units according to dominant tree species, stand age and site properties (i.e.,

site index, §gob 8mbohgdo). The latter is the dominant concept applied in forest management

planning, which simplifies the existing complexity of the natural conditions for practical purposes.
Dolukhanov (2010) distinguished between “mono-, oligo-, and polydominant forest formations”
and observed that the majority of forest communities in Georgia are oligodominant. In the tradition
of Soviet and Eastern European ecological science, the concept of biogeocoenosis (Petzer, 2023)
has long served as a foundational framework for understanding forest ecosystems (Dolukhanov,
2010). Unlike the Western concept of “ecosystem” (the term biogeocoenosis became known from
the work of Sukachev & Dylis, 1964), this term describes a tightly integrated unit of living
organisms and their physical environment, functioning as a cohesive, self-regulating system
defining a specific “forest type” (Ivanova et al., 2022). As Dolukhanov (2010) notes in his
typological description of Georgian forests, this framework has been instrumental in characterizing
forest formations based on the dominance and interactions of tree species. However, as the
biogeocoenotic concept was developed to classify primary forests with limited anthropogenic
impact, its application to commercial forestry systems has been criticized to not yield optimal
outcomes (Ivanova & Zolotova, 2014; Ivanova et al., 2022). According to this concept,
monodominant forests are characterized by a single tree species acting as the primary ecological
architect, or edificator, shaping the structure and function of the biogeocoenosis (Dolukhanov,

2010). Oligodominant forests, more common across Georgian forests (Figure 1.2), are dominated
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by two or three tree species. In contrast, polydominant forests involve a more complex interplay
among multiple co-dominant species, where no single group of edificators maintains consistent
dominance. To illustrate the situation based on available data from Georgia, 4,499 sample plot
observations of the GNFI were grouped according to relative BA per species. Samples with relative
BA >80% were classified as monodominant, samples with a maximum relative BA >30%, were
classified as oligodominant. All remaining samples (with maximum relative BA <30%) were

classified as polydominant. Figure 1.2 shows the distribution of samples by dominance group.

48 (1%)

1601 (36%)

2850 (63%)

Monodominant @ Oligodominant @ Polydominant
Figure 1.2: Classification of 4,499 sample plots of the dataset of the National Forest Inventory
of Georgia per dominance groups according to the terminology used by Dolukhanov (2010).

Based on this classification 36% of all observations are dominated by one single species (Figure
1.2). Hence, according to the GNFI data, the majority of sample plots classify as oligodominant
(63%), and an additional 1% resembles polydominant BA distributions, raising doubts about the
applicability of a purely dominant species classification concept.

A traditional approach in community ecology and biogeography strives to identify
characteristic plant species that are indicative of groups representing trophic sites properties, based
on the assumption that specific species reliably indicate specific environmental conditions
(Ellenberg & Leuschner, 2010). Hence, an effective indicator species does primarily occur within
a specific group of environmentally similar sites (or few closely related groups) and is consistently
present in most of the sites within that group (Legendre, 2013). To reflect their ecological
preferences, plant species can be linked to abiotic gradients by assigning them values that indicate
the point along the gradient where they, on average, reach peak abundance, representing their
realized ecological optimum (Di Biase et al., 2023). The obtained values represent the centroid
positions of a species’ realized optima along one-dimensional environmental gradients and reflect
long-term ecological behavior rather than momentary conditions (Schaffers & Sykora, 2000). As
integrative measures, they have been widely used in community ecology to interpret ordination

results, track vegetation responses to environmental change, assess the synecology of plant
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communities, compile regional species pools, estimate occurrence probabilities, and support
ecological risk assessment (Schaffers & Sykora, 2000). For a given plant community, indicator
values are typically aggregated into a composite score that characterizes the ecological conditions
of the site. A highly influential to forest vegetation community classification in Western European
forestry is the related approach by Ellenberg (1974), updated by Ellenberg & Leuschner (2010),
whereas in the majority of post-Soviet countries, the indicator values developed by Ramensky et
al. (1956) and Tsyganov (1984) are more commonly applied (Zolotova et al., 2023).

Algorithm-based or unsupervised classification (i.e., cluster analyses), which rely on
resemblance coefficients and are based on (dis-)similarity of compositional attributes offer
reproducible, data-driven statistical methods. These approaches are especially useful for data-
heavy forest inventories and large-scale monitoring programs (Legendre & Legendre, 2012).
Further, integrated approaches combine elements of physiognomic, floristic, and ecological
classification, providing flexible systems applicable across multiple spatial scales, depending on
data resolution and purpose (Céceres et al., 2015).

For many years, the most widely used statistical method for identifying indicator species
in vegetation classification was the Two-way Indicator Species Analysis TWINSPAN (Hill, 1979;
Lotter et al., 2013; Bonari et al., 2021). The algorithm classifies vegetation data by iteratively
dividing sites along the main ecological gradients, emphasizing continuous variation rather than
discrete groupings. TWINSPAN was one of the first numerical methods to implement an objective,
gradient-based classification by combining ordination with species-based diagnostics. It partitions
the compositional space along ordination axes derived from reciprocal averaging and then forms
clusters that reflect irregular compositional patterns guided by indicator species (Rolecek et al.,
2009). However, its reliance on a single dominant gradient and the complexity introduced by post
hoc adjustments have drawn criticism (Schmidtlein et al., 2010). In contrast, ISOPAM (“Isometric
Feature Mapping and Partitioning Around Medoids”) is an unsupervised clustering method that
avoids these limitations by focusing on species fidelity and diagnostic species distributions rather
than ordination along a single compositional axis. It combines nonlinear dimensionality reduction
via ISOMAP ordination (Tenenbaum et al., 2000) with partitioning around medoids (PAM),
classifying plots based on indicator species distributions (Schmidtlein et al., 2024). ISOMAP
constructs a neighborhood graph of similar plots and computes geodesic distances (as
dissimilarities) along shortest paths through this network. This nonlinear dimensionality reduction
method preserves global structure, making it useful in contexts with high species turnover. While
not a clustering method itself, ISOMAP output can be used to support hierarchical or non-
hierarchical classification (Tenenbaum et al.,, 2000). ISOPAM optimizes cluster structure to
maximize indicator species performance, supports both hierarchical and non-hierarchical modes,
and allows flexible distance metrics and optional supervision through predefined species or

medoids. It performs an exhaustive search across predefined parameter ranges to identify the
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optimal clustering solution based on specific criteria. It simultaneously optimizes three parameters:
the number of clusters for PAM, the number of neighbors in the ISOMAP network, and the number
of ISOMAP dimensions used for clustering. By repeatedly searching for groups that maximize
species fidelity or indicator species strength until a stopping criterion is met, it produces a low-
dimensional ordination less prone to artifacts and better suited for long, nonlinear ecological
gradients (Schmidtlein et al., 2010). In hierarchical clustering, the algorithm recursively subdivides
groups until the number of indicator species per group falls below a set threshold or group sizes
drop below the minimum of three sites. Adjusting these stopping rules allows for more or fewer
clustering levels. Upper and lower bounds for these parameters can be user-defined. The algorithm
is available as R package (Schmidtlein et al., 2024). To implement clustering via ISOPAM based on
dA-dissimilarities, the original source code had to be adjusted manually for this study. ISOPAM has
been used in various ecological contexts. Cerny et al. (2015) employed the algorithm to classify
Korean forest types along environmental gradients. Cabido et al. (2018) classified Chaco and
Espinal forests in central Argentina (Cantero et al., 2022, 2020; Zeballos et al., 2023), whereas
Hein et al. (2014) applied ISOPAM to classify species composition of spider fauna in Norway. In
remote-sensing data analysis, the algorithm was applied to generate soft vegetation classifications
by assigning pixels probabilistic memberships to vegetation types, improving the detection of
ecological gradients and transitional areas (Feilhauer et al., 2021). Comparing traditional
classification with results from ISOPAM, Abe (2021) reported its effectiveness for detecting
dominant vegetation patterns in large datasets of Japanese coastal vegetation.

Ultimately, the choice of the classification method remains an informed subjective one and
is highly purpose-specific, as the difference in considered variables will yield different groups.
From a practical perspective, especially when analyzing large datasets, automated approaches are
more effective than manual grouping. Given the multivariate nature and the high variability
inherent in forest properties, research into the relationships between essential aspects of diversity
is required to help identify essential variables or proxies to be considered for different purposes.
This study investigates an approach to classify woody species assemblages based on a combination
of structural and evolutionary dissimilarity (Chapter 2). The applied methodology allows the
classification of mixed forests using structural and phylogenetic properties across large areas. If
the resulting groups maintain functional properties expressed as non-stochastic alignment along
environmental gradients, a phylogenetically informed approach can be of great value to identify
processes of environmental filtering that shape communities, inform conservation management or
infer key variables for species distribution modeling (Chapter 3). In addition, defining forest
typologies from repeated inventories of permanent sample plots can offer valuable insights into

successional dynamics and genetic drift resulting from environmental change (Chapters 3 and 4).

22



Terrestrial Forest Inventories

1.4 Forest Assessment

The objective of forest resource assessments on large areas, such as NFlIs, is to provide unbiased
estimates of key variables and to generate statistics on forest properties. NFIs typically assess forest
area, growing stock volumes, and increment to inform forest policy and monitoring. International
agreements and initiatives, i.e., the Montréal Process (1998), the Ministerial Conference on the
Protection of Forests in Europe (2008), the UN Framework Convention on Climate Change (UN-
FCCC) and the UN-CBD, FAO’s Global FRA and REDD+ (Reducing Emissions from
Deforestation and Forest Degradation) rely on information supplied by NFIs (Vidal et al., 2016a;
Breidenbach et al., 2021a). Due to international reporting requirements, biomass, aspects of
biodiversity status, land-use, carbon stock and ecosystem services are increasingly considered.
However, sampling designs, plot configurations, and assessment methods differ across countries,
as do fundamental definitions of forest area and other aspects. Therefore, harmonizing assessment
protocols and reporting standards is required to ensure comparability of NFI results (Winter et al.,
2008; Tomppo et al., 2010; Zhao et al., 2014).

Forest assessments have a long history and are traditionally based on different approaches
to categorization of the forest resource into distinct quantifiable and ultimately manageable entities,
with the common objective to support decision-making on different scales. At the stand level,
stand-wise evaluation of timber stocks and species composition serves to plan or control forest
operations or other silvicultural interventions. Unlike systematic forest inventories, stand-wise
assessments are traditionally implemented as qualitative expert-based estimates (forest taxation)
with few quantitative assessments that inform about a spatially discrete forest entity (i.e., forest
stands). On a larger scale, systematic forest inventories are implemented on forest enterprise or
district level, with the aim to provide baseline information for a 10-year management plan (Forest
Management Inventory, FMI) and to monitor overall sustainability of interventions. FMIs are often
based on a network of permanent sample plots, with closer sampling grids than NFIs and provide
results with estimates of statistical precision for different strata (e.g., forest types). NFIs serve as
the principal source of forest data for national assessments of the forest resource (Vidal et al.,
2016b). The first NFI was implemented in Norway in 1919, motivated by concerns related to
unsustainable exploitation (Breidenbach et al., 2021a).

These large-scale assessments have evolved to address increasingly complex information
needs, owing to their comprehensive monitoring frameworks and the wide range of ecological,
structural, and socio-economic variables they record (Tomppo et al., 2010; Alberdi et al., 2017).
Originally designed to provide periodic information of timber stocks on national, regional (NFI)
and for forest management on forest district level (FMI), their scope has expanded to include
indicators relevant to environmental and ecological policy evaluation (Alvarez-Gonzalez et al.,

2014; Breidenbach et al., 2021a). All NFIs adhere to statistically robust methodologies, with
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international processes requiring and verifying their scientific soundness to ensure data
comparability and reliability across countries (e.g., REDD+). NFIs represent the most
comprehensive and unbiased sources of forest information in many countries, due to their large
sampling intensity and extensive set of recorded variables.

Given the broad, multidimensional, and multiscale nature of biodiversity, a statistically
robust monitoring program must rely on indicators to track changes over time and space (Chapter
1.2). Without such an approach, comprehensive monitoring of large areas would be financially
unfeasible. Even so, collecting, managing, and analyzing the data remains costly (Chirici et al.,
2012). Hence, from a practical perspective, the synergies between NFIs and other biodiversity
assessments offer a valuable opportunity to support biodiversity monitoring across multiple levels.
Continuing to expand the scope of NFIs offers a pragmatic approach for facilitating biodiversity
assessments in a statistically sound manner, given the repetitive, systematic, and logistically robust

nature of NFIs.

1.4.1 Terrestrial Forest Inventories

At an international level, forestry science can draw on data that has been collected in large-scale
inventories over the course of a century. The earliest NFIs date back to the early 20" century: 1919
in Norway, 1921 in Finland, 1923 in Sweden, and 1928 in the United States (Fridman et al., 2014;
Vidal et al., 2016a; Alekseev et al., 2019). Most European countries developed and implemented
NFIs that feature probability sampling designs during the later 20" century. In contrast, many
Eastern European countries historically relied on aggregated stand-level data and have only
recently adopted sample-based systems (Tomppo et al., 2010; Chirici et al., 2012). Scientists from
other disciplines are increasingly recognizing NFI data as a key resource for ecological research,
as their growing accessibility provides information across broad environmental gradients. NFIs not
only offer a plethora of variables on woody species communities and structure, but being rapidly
modernized, they increasingly incorporate edaphic and environmental data that describe the site
conditions of sample plot locations. This metadata allows cross-referencing with climate, land-use
change, and other data to better understand the drivers and dynamics of forest species diversity
decline under global change (Godoy & Rueda, 2016). Therefore, NFIs constitute one of the most
comprehensive sources in terms of number of observational units and field-acquired data, for
policy formulation, including biodiversity conservation (Alberdi et al., 2010; Chirici et al., 2012).
With the continuous shifts in forest policy and management objectives, from simple wood
production to sustainable ecosystems, biodiversity and ultimately carbon pool management,
demands to the information provided by NFIs have been extended according to contemporary
policy requirements and scientific priorities (Tomppo et al., 2010; Corona et al., 2011; Chirici et
al.,, 2011; Kleinn et al., 2020). Over time, timber volume inventories have evolved into

comprehensive multipurpose forest monitoring systems that support both national decision-making
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and international reporting obligations (Kleinn, 2017); [Cannot display reference "Trucios Caciano
May, 2020 — Quantifying the uncertainty caused": Template "In-text citation - Thesis - (Default
template)" is not defined.]. Permanent sample plots remain the primary source of information for
monitoring forest structure, diversity, and dynamics over time, despite rapid advances in predictive
modeling approaches. NFIs use systematic sampling approaches that support design-based
inference with confidence intervals, providing a statistically robust and transparent foundation for
monitoring. As a result, these frameworks are increasingly recognized as a valuable source of
reliable data for forest biodiversity monitoring (Winter et al., 2008; Corona et al., 2011; Chirici et
al., 2012; Alberdi et al., 2014; Alberdi et al., 2019). However, the underlying sampling design,
which comprises aspects of sample selection, configuration, size, shape, and allocation of plots, is
defined by the specific monitoring objectives, whether focused on timber resources, biodiversity,
carbon stocks, or ecosystem services (Corona et al., 2011). Consequently, challenges persist
regarding specific biodiversity objectives, particularly concerning consistent definitions and the
need for methodological adaptation (Vidal et al., 2016b).

Whereas NFIs provide precise estimates of tree species proportions at regional to national
scales, obtaining spatially explicit information at finer resolutions across large areas is not
straightforward (Breidenbach et al., 2021b). Nonetheless, modeling approaches can be used to
regionalize and map forest characteristics. With the expanding range of available RS systems and
the increasing temporal and spatial resolution of the data acquired by related sensors, there is
growing potential to optimize sampling strategies via model-based approaches (Chapter 1.4.2,
McRoberts & Tomppo, 2007). For instance, ancillary variables derived from multispectral imagery
or LiDAR can help identify areas of high alpha-diversity or strong beta-diversity gradients, thereby
enabling stratified or weighted sampling to better capture ecological heterogeneity (Feilhauer &
Schmidtlein, 2009).

In this context, the GNFI exemplifies a modern, multipurpose forest monitoring system
that builds on a robust sampling and data recording scheme. It provides a high number of permanent
sample units described via a wide range of variables (MEPA, 2023). Nonetheless, being the first
NFI to be implemented in the country, its full potential to generate information for various
disciplines has yet to be realized. For this study, it serves as the primary data source for the

presented analyses.

1.4.1.1 The First National Inventory of Georgia (2018-2021)

The GNFI was planned and implemented by the Government of Georgia between 2017 and 2021
to address the lack of reliable data on the country’s forest resources. With the analysis results
available in 2023, a statistically sound baseline for long-term monitoring and national and
international reporting obligations has been established for the first time. The GNFI is mandated

to repeat every ten years, according to the current legislation under Georgia’s new forest code

25



Chapter 1.4.1.1

(Government of Georgia, 2020). Financed by international donors and implemented by the
Ministry of Environmental Protection and Agriculture of Georgia (MEPA), the GNFI is based on
a land cover classification and forest area estimation using RS observations from the intersections
of a nation-wide 3.6 x 3.6 km UTM sampling grid of randomly selected origin (MEPA, 2023). In
line with international standards, field data collection was done by trained field personnel between
2018 and 2021 and employed digital data logging and processing tools from the FAO Open Foris
suite to ensure standardized data recording, management and analysis. Forests in Georgia are
defined as "land area with a width of not less than 10 meters and an area of not less than 0.5 ha
covered with trees higher than 3 meters and a canopy cover of more than 10%, or with trees able
to reach these thresholds in situ" (Government of Georgia, 2020). This forest definition represents
the general forest definition provided by FAO to a large extent. At each grid intersection that does
not clearly fall outside a forested area, cluster sample units are established. Within each cluster a
comprehensive set of variables across multiple spatial scales and thematic categories is recorded
on three sample plots of 0.07 ha each, arranged in an L-shaped configuration with a distance of
100 m along both axes (Figure 2.1). All sample plots are established as permanent observation
plots, allowing monitoring of changes in species composition, stand structure, and stem growth
comparisons. Sample plots consist of four concentric circular fixed area subplots with radii of 5,
10, 15 and 25 m (MEPA, 2018). As 18% of the country’s territory is currently not accessible for
government officials due to an ongoing political conflict (MEPA, 2023), approximately 74% of the
national forest area (Figure 4.3) was sampled. The GNFI assesses all woody species as single trees
that can consist of multiple stems according to distinct diameter thresholds. Inclusion criteria
within the three concentric, nested subplots are defined quantitatively, based on stem distance from
the plot center and the corresponding DBH thresholds. Woody species with DBH > 30 ¢cm are
recorded in the 15 m plot, whereas those with DBH >15 cm and >8 cm were recorded within radii
of 10 m and 5 m, respectively. In contrast, understory species are defined as “Woody plants that
do not and will never create an upper canopy layer under the present conditions” are assessed
according to cover percentage within the 10 m radius, but “individuals that meet the definition of
a single forest tree, are not described as part of understory” (MEPA, 2018). Regeneration is
assessed by counting individuals of “those woody species which will later take part in creation of
the main canopy layers” (MEPA, 2018) within two smaller satellite subplots (r = 1.5 m) positioned
5 m from the plot center.

The GNFI data used in this study contained 2006 cluster plot observations (Figure 1.3). As
not all subplots are accessible or fall within a forest area, the dataset contained 5870 subplot

records.
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Figure 1.3: Forest cover of Georgia according to Griesbach (2018) with cluster sample plot
locations of the first National Forest Inventory of Georgia (n = 2006).

According to the GNFI estimates, forests cover approximately 3,100,500 ha, representing 45% of
the entire national territory. 98.5% of the assessed forest area originates from natural regeneration,
with only 1.5% being plantations (MEPA, 2023). In total, 24.5% of the forest area is located in or
near the territories of Abkhazia and South Ossetia, where field data collection was not possible due
to restricted access. An RS-based estimation of overall stocking values in these areas is pending.
MEPA reported a mean growing stock of 217.6 m?® ha™! current mean annual volume increment of
6.0 m* ha'! a”! and approximately 22 m? ha™! of deadwood volume on average (MEPA, 2023). For
reference, European approximate averages are 169.1 m® ha'! [74.0 - 409.0 m* ha''] for growing
stock density, average annual volume increments range from ~4 — 12 m?ha'a’!, and mean
deadwood volume ranges between 7.1 and 33.1 m® ha! (Tomter et al., 2016; Puletti et al., 2019;
Forest Europe, 2020). Albeit respective definitions and assessment protocols can differ, the

provided values serve indicative purposes.
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1.4.2 Remote-Sensing and Earth Observation

Remote sensing (RS) and Earth observation (EO) data offer powerful approaches for assessment
and modeling of forest biodiversity across spatial and temporal scales (Innes & Koch, 1998; Yu et
al., 2022; Gillespie et al., 2024). The integration of RS into NFIs has evolved over several decades,
beginning in the 1990s with efforts to map forest characteristics such as biomass and canopy
structure (Tomppo & Katila, 1991; McRoberts & Tomppo, 2007). Advances in RS technology and
continuous improvements to sensors in spatial, spectral, and temporal resolution have greatly
enhanced the ability to detect forest composition, structure, and phenological change (Fassnacht et
al., 2016; Fassnacht et al., 2024; Helfenstein et al., 2025). Yet, despite growing interest,
biodiversity-relevant variables remain less explored than standard forest inventory metrics such as
biomass or tree height (McRoberts & Tomppo, 2007; Lausch et al., 2016a; Skidmore et al., 2021;
Kacic & Kuenzer, 2022). Multitemporal imagery improves the classification of tree species by
capturing phenological variability, while wall-to-wall RS data support continuous landscape
coverage, allowing for regionalization of forest cover or biodiversity indicators when coupled with
ground observations (Gillespie et al., 2008; Feilhauer & Schmidtlein, 2009; Waser et al., 2015;
Rocchini et al., 2016; Fassnacht et al., 2022). Here, the easy access to the analysis-ready data
catalog of tools like Google Earth Engine facilitates automated time-series analyses, greatly
enhancing efficiency and enabling faster classification of forest types, land cover change, and
biodiversity patterns (Gorelick et al., 2017). RS supports estimations of ecosystem attributes over
vast or inaccessible areas (Khare et al., 2019). While classification of larger spatial entities, i.e.,
forest and habitat types is feasible, individual tree species classification using remote-sensing
remains challenging (Krahwinkler & Rossmann, 2013; Fassnacht et al., 2016).

In biodiversity monitoring, RS is especially useful as a source of ancillary variables that
reflect environmental heterogeneity and has been used for habitat type and conservation status
prediction (Neumann et al., 2015; Perrone et al., 2023), forest health assessment (Pause et al.,
2016), mapping of forest degradation (Thompson et al., 2013) and geodiversity (Lausch et al.,
2019), among others. For a deeper review of the synergies between RS and biodiversity research,
see Pettorelli et al. (2014). There is ongoing research to explore the relationship between plant and
tree species richness and spectral variability captured by RS (Viedma et al., 2012; Rocchini et al.,
2021). The spectral variability hypothesis (Rocchini et al., 2018) posits that variability in the
spectral signal can serve as a proxy for species richness and habitat diversity, a premise supported
by empirical studies (Foody & Cutler, 2003; Féret & Asner, 2014; Torresani et al., 2021; Rocchini
et al., 2022). Yet, while Torresani et al. (2019) report generally modest to positive results, they
emphasize the need for further testing in different environments to confirm the approach as a
generalizable method. A similar approach to monitor forest health was proposed by Lausch et al.

(2016b). Key challenges remain in defining suitable indices, scaling, and optimizing the integration
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of RS with in situ observations for biodiversity monitoring (Rocchini et al., 2010; Skidmore et al.,
2021; Torresani et al., 2021; Rocchini et al., 2022).

The synergy of forest inventory and mapping via RS can be based on several
complementary approaches to enhance accuracy and utility of field data for management and
monitoring. If thematic maps of specific areas of interest are available, i.e., areas of high
conservation value, or areas with expected high variability of a specific target attribute, stratified
sampling can be applied to increase estimate precision (Corona, 2010; Breidenbach et al., 2021b).
RS sensor attributes can be correlated with metrics obtained by field-based observation, enabling
the spatially explicit modeling of field attributes for larger areas (wall-to-wall mapping). While
RS-derived diversity maps can illustrate spatial patterns, they often lack probabilistic validation,
which limits their use in statistical inference and national reporting frameworks. To address these
limitations, McRoberts (2011) emphasizes the importance of integrating RS data with field
observations through model-based estimation frameworks. These approaches enable the derivation
of statistically valid estimates accompanied by confidence intervals, thereby enhancing the
reliability and transparency of included biodiversity assessments.

Increasingly available EO data derived from RS supports diversity assessments by
providing wall-to-wall data on larger scales. A wide range of variables from different disciplines
can thus be leveraged for site and habitat modeling, i.e., climatology, soil science, and digital
elevation models (DEM, Lausch et al., 2019). These data are modeled from spectral or structural
data (e.g., LiDAR, Synthetic Aperture Radar, SAR), increasingly using machine-learning
frameworks. Time series aggregates capture dynamic changes e.g., in land-use and provide
multitemporal information. Integrated analyses of regional to global time series of physical, index-
based, thematic, topographic, and texture-derived variables hold great potential to assess diversity
or habitat distribution or long-term shifts and losses (Kuenzer et al., 2014; Lausch et al., 2020).
Continuous advances in temporal and spatial resolution, such as daily PlanetScope imagery and
time-series analytics, will significantly boost predictive monitoring in scientific applications. These
improvements promise to revolutionize predictive environmental modeling enabling near-real-time
tracking of diversity shifts, habitat disturbances, and ecosystem responses, offering dynamic tools
for conservation and ecosystem science (Ma et al., 2020).

Topography is considered a significant factor influencing the spatial distribution of
communities (Amici et al., 2012; Zellweger et al., 2015; Guo et al., 2017; Amatulli et al., 2018;
Zarnetske et al., 2019). Topography influences soil fertility and sunlight availability not only in
forest ecosystems (Rodrigues et al., 2021; Woods & Ortmann, 2024). This is especially relevant in
the predominantly mountainous country of Georgia, where 98% of the forest area is influenced by
slope of various degrees according to Patarkalashvili, 2017. To capture indicators of fine-scale
terrain features such as slope position, aspect, and terrain form, high-resolution elevation data is

invaluable, because these indicators can be derived from DEM (Moudry et al., 2019). In 2018, a

29



Chapter 1.4.2

country-wide LiDAR-based flight campaign was implemented in Georgia that produced detailed
elevation information in a 5x5 m resolution. To analyze how topography influences species
composition, several indices were derived from these raw data to characterize small-scale
topographic variability (Chapter 3). For this, 1717 data files (tiles) were available containing point
clouds with X, Y, Z coordinates in ASCII format. The data was converted to a DEM using
LASTOOLS (Isenburg, 2014) and compared to the freely available SRTM30 DEM (Farr et al.,
2007) interpolated to 10 m created by Fuchs et al. (2017) using systematic control points.

Preprocessing and control of the derived raster data were carried out in the QGIS 3.20.2

environment (QGIS Development Team, 2009). After file format conversion, the resulting raster
was void-filled with GRASS GIS 7.82, (GRASS Development Team, 2022). Figure 1.4 shows the
resulting DEM.
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Figure 1.4: Digital elevation model derived from LiDAR raw data (2018) used in topographical
analysis of sites locations in this study, incl. sample locations (m = 5870).

The created DEM covered approximately 58% of the country (56% of the national forest area).
Subsequently, topographic properties i.e., elevation (ma.s.l.), slope (degrees), and aspect
(0° —360°) were derived for 3578 sample plot locations. This corresponds to 79% of all samples
with available forest data. For samples located outside the high-resolution DEM, topographic
variables were derived from the SRTM DEM (Figure 1.4). General terrain properties were analyzed
using the Topographic Position Index, Terrain Ruggedness Index, and Roughness algorithms
available in QGIS (QGIS Development Team, 2009). In addition, the R.GEOMORPHON algorithm
available in GRASS (GRASS Development Team, 2022), and the RELATIVE HEIGHTS AND SLOPE
POSITION algorithm provided by SAGA, both available in QGIS were used. The RELATIVE
HEIGHTS AND SLOPE POSITION algorithm derives five terrain indices that quantify the vertical

position of a point in relation to peaks and depressions within the local landscape, identifying
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features such as slope height, valley depth, and mid-slope position (Conrad et al., 2015).
R.GEOMORPHON generates a size-, relief-, and orientation independent classification

(Geomorphons, Figure 1.5) of terrain form based on adjacent pixel value differences (Stepinski &

Jasiewicz, 2011).
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Figure 1.5: Terrain form classification using the R. GEOMORPHON algorithm available in GRASS
of the QGIS environment (adjusted from Jasiewicz & Stepinski, 2013).

Geomorphons were derived from the high-resolution LiDAR-based DEM based on iterative testing
of varying radii (15, 25, 30, and 40 m) around each plot center. Based on this test, 15 and 40 m
were chosen as outer radius values, each in a combination of 0 and 5 m as inner radius and 0°and
5° as threshold angles (Jasiewicz & Stepinski, 2013).

In this study, RS-based elevation data were prepared and analyzed to characterize fine-
scale topographic heterogeneity and support spatial biodiversity modeling (Chapter 2). Additional
EO data were retrieved and applied as proxies for predictive modeling (Chapter 3). Given the
complex terrain of Georgia’s forested landscapes, these inputs are particularly valuable for

quantifying site properties along environmental gradients.
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1.5 Study Area

Georgia is located between 41°07° —43°35’N and 40°04’ —46°44’E bordering the Greater
Caucasus to the North and the Northern part of the Lesser Caucasus to the South. Constituting part
of the Caucasus biodiversity hotspot, the country harbors a rich diversity of habitats and a high
degree of endemism (Myers et al., 2000; Mumladze et al., 2020). Since regaining independence in
1991, Georgia has undergone major political and economic transformations that have significantly
influenced its natural environment and forestry sector (Gutman & Radeloff, 2017). The transition
period was marked by political and institutional instability and unregulated resource use. In recent
years, efforts to modernize forest governance, improve biodiversity monitoring, and implement
sustainable forest management have gained momentum, supported in part by Georgia’s accession
to the UN-CBD in 1994, the adoption of the new Forest Code by the Government of Georgia
(2020), and participation in international frameworks such as the European Network of National
Forest Inventories (ENFIN). This Chapter provides a brief overview of the country’s environment,
its forests, and recent developments in forest governance, scientific research, and monitoring

frameworks.

1.5.1 Geography and Climate

Georgia is characterized by dominant hilly to rugged mountainous terrain (with elevations
=>5000 m above sea level, a.s.l.) with roughly 55% of the national area situated above 1000 m a.s.1.
and around 40% on slopes with >20° inclination (Mikeladze et al., 2020). The Greater Caucasus
shields the country from Arctic air masses in winter, while the Southern Caucasus mitigates
summer heat from the Southeast. Mountainous regions experience mean temperatures between
—5 °C and 10 °C, with precipitation ranging from 800 to 1400 mm (Connor & Kvavadze, 2009).
The Likhi Range (up to 1000 m a.s.l.) diverts moist air from the Black Sea, creating a humid, warm
climate in Western Georgia and increasingly continental climate in Eastern Georgia. Whereas
Western Georgia is characterized by mild winters and hot summers, with mean annual temperatures
of 13—-15°C and precipitation between <400 and >4000 mm, Eastern Georgian climate is
increasingly continental, with mean annual temperatures between 10 °C and 13 °C and lower mean
precipitations of 500 — 600 mm (Denk et al., 2001; Elizbarashvili et al., 2006; Keggenhoff et al.,
2014; 2017; Nakhutsrishvili et al., 2023). Forest vegetation in Georgia is structured along strong
elevational and climatic gradients. The following section provides a generalized descriptive

overview of these formations from lowland to subalpine zones.

1.5.2 Main Forest Formations
Forest type formation in Georgia is markedly shaped by elevational and climatic gradients, and
variation in soil-forming parent materials (Dolukhanov, 2010). According to Lomsadze et al.

(2019) 98% of forests are located on sloped terrain, with 78% situated on slopes >35°. A detailed
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description of the zonation of Georgia's forest vegetation exists by Dolukhanov (2010), which was
published 10-years posthumously. A nation-wide map of the natural vegetation has been presented
by Bohn et al. (2007). More recent phytosociological descriptions of forest typology published in
English language are provided by (Nakhutsrishvili, 2013a; 2023). The number of publications that
report regional botanical descriptions of forest vegetation types has increased steadily in the recent
past (Abdaladze et al., 2017; Novak et al., 2020; Novak et al., 2021; Nakhutsrishvili et al., 2023;
Kavgact et al., 2023; Novak et al., 2023b). Noteworthy is the recent creation of the
phytosociological Transcaucasian Vegetation Database that contains the results of Braun-Blanquet
assessments of 2,882 georeferenced plots, spanning observations from 1929 to 2022 (Novék et al.,
2023a). To the best of the author's knowledge, no comprehensive and internationally accessible
compilation of forest type descriptions exists that focuses on stand structure and growth from a
forest science perspective. This highlights the need for classification systems based on systematic
data that go beyond phytosociological descriptions and reflect functional and structural forest
properties relevant for ecological monitoring and forest management.

The distribution of forest types largely follows an elevational zonation from the humid
Colchic lowlands and xeric woodlands to alpine coniferous stands. In the following paragraphs, I
present a generalized overview of the major forest formations, focusing on woody species
compositions occurring along the vertical and horizontal gradients, based on the available literature

reviewed for this study.

Lowland forests (<500 m a.s.l.)

Lowland forests exemplify the pronounced climatic variation present in the country, because at
these elevations the steep climatic gradient is not yet moderated by the influence of elevation. As
such, the western zone of the humid Colchic receives high to very high annual precipitation,
whereas the eastern lowland valleys are characterized by a more continental, semi-arid climate.
The western lowlands are occupied by Colchic forest formations occurring in the catchment basin
of the Black Sea, stretching from the extreme northwestern end of the Greater Caucasus in the
neighboring Russian Federation along the Black Seas coast to the Northern slopes of the Pontic
Mountains in Tiirkiye (Nakhutsrishvili et al., 2015). According to Dolukhanov (2010), the Colchic
lowland forests are humid forests on swampy or waterlogged soils dominated by Alnus glutinosa
subsp. barbata (C.A. Mey.) Yalt. (Denk et al., 2001). Several variants of the humid thermophilic
rainforests in the Colchis have developed (Nakhutsrishvili, 2013b; Nakhutsrishvili et al., 2023).
On slightly elevated or better-drained sites, Quercus robur subsp. imeretina (Steven ex Woronow)
Menitsky, F. orientalis and Carpinus betulus L. may appear in association (Goginashvili et al.,
2021). The understory layer is typically dense and multilayered, often reaching heights of up to
4m. It is composed predominantly of evergreen, shade-tolerant woody species, including

Rhododendron ponticum L., I. colchica, and Prunus laurocerasus L. Climbing woody species such
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as Smilax excelsa L., Hedera pastuchovii Woronow ex Woronow, and Vitis vinifera L. are
abundant and contribute to the structural complexity. Box et al. (2000) emphasizes the significance
of vegetative reproduction among understory species, particularly Rh. ponticum, which propagates
clonally through layering, forming dense thickets. The authors also highlight the decline of these
forests due to drainage, agriculture, and infrastructure development. These forests are considered
temperate rainforests due to their high annual precipitation, typically ranging between 1500 and
=>2,500 mm in the coastal lowlands of western Georgia (Nakhutsrishvili, 2013a).

As continentality increases eastward, lowland hardwood or oak-dominated forests
receiving increasingly less precipitation occupy the riparian corridors and alluvial plains of central
river systems, e.g., along the Alazani and Mtkvari rivers, dominated by Quercus robur subsp.
pedunculiflora (K. Koch) Menitsky. These forests are co-dominated or interspersed with Fraxinus
excelsior L:, Acer heldreichii subsp. trautvetteri (Medw.) A.E. Murray, T. dasystyla subsp.
caucasica, and Pyrus communis subsp. caucasica (Fed.) Browicz, forming a loosely structured
canopy. The riparian forests of eastern Georgia host Pterocarya fraxinifolia (Poir.) Spach (listed
as Pterocarya pterocarpa (Michx.) Kunth ex I. Iljinsk in Lachashvili et al., 2022) as a typical
species, which can form pure stands (Nakhutsrishvili, 2013a; Nakhutsrishvili et al., 2023;
Davitashvili et al., 2024). Dolukhanov (2010) highlights the structural complexity and
biogeographic significance of Oak-dominated lowland forests, noting their adaptation to
moderately humid conditions, but also the drastic decline of these forests. Other authors stress their
conservation value as fragmented relics, with floristic links to the Hyrcanian region (Box et al.,
2000; Nakhutsrishvili, 2013a). The understory comprises drought-tolerant shrubs and climbers,
including Crataegus pentagyna Waldst. & Kit. ex Willd., Mespilus germanica L., Hedera
pastuchovii Woronow ex Woronow, Clematis vitalba L., and Vitis vinifera L., with S. excelsa L

occasionally present.

Colline to Montane Forests (500 — 1,200 m a.s.l.)

In the lower foothills of western Georgia, mixed deciduous forests composed of C. betulus and C.
sativa occur between 400 and 1,000 m a.s.l. on well-drained, moderately moist soils (Metreveli et
al., 2024). These forests occupy transitional zones between Colchic lowland forests and montane
beech stands, dominated by F. orientalis and often accompanied by Quercus petraea subsp.
polycarpa (Schur) So6 or especially at higher elevations (Dolukhanov, 2010). C. sativa tends to
dominate drier slopes, whereas C. betulus occupies moister microsites. The understory layer
contains mesophilic shrubs such as Cornus mas L., Euonymus latifolius (L.) Mill., and Frangula
alnus Mill., though composition varies depending on site moisture, with Rhododendrum species
constituting common Colchic undergrowth (Nakhutsrishvili et al., 2023). Novak et al. (2021)

provide a description of forests dominated or co-dominated by Carpinus orientalis Mill. with
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evergreen understory occurring within this zone on steep limestone slopes at elevations up to
800 m a.s.L.

Gallery forests, typically found along riverbanks in the eastern plains and foothills, are
azonal, moisture-dependent communities. Fraxinus excelsior L. and Ulmus minor Mill. dominate
the canopy, often accompanied by Populus nigra L., Acer campestre L., and Salix alba L. in
disturbed sections (Kavtaradze et al., 2023). These forests show a tendency to form narrow, linear
belts along seasonal or permanent watercourses due to their fragmentation as a result of to river
regulation and land conversion (Nakhutsrishvili, 2013a). Floodplain margins and disturbed alluvial
zones commonly host riverine strips of Populus alba L. and S. alba, especially in the eastern
lowlands such as the Alazani and lori valleys. These forests exhibit a pioneer character, forming
open stands that rapidly colonize disturbed substrates, with pronounced successional dynamics and
sensitivity to changes in the hydrological regime and nonnative species invasion (Kavtaradze et al.,
2023). In younger successional stages, these tree species are accompanied by Tamarix ramosissima
Ledeb. and various shrubs species, but tend to form simple, even-aged stands (Nakhutsrishvili et
al., 2023). Mixed broadleaved forests containing P. communis subsp. caucasica, Tilia dasystyla
subsp. caucasica (V. Engl.) Pigott, and various Acer species (e.g., A. campestre, Acer platanoides
L., Acer monspessulanum subsp. ibericum (M. Bieb.) Yalt.) form structurally diverse communities
in mid to lower elevation (foothill) zones, particularly in the central and western parts of the
country. These forests occupy moderately moist to slightly dry locations and represent transitions
between drier oak or hornbeam stands and more humid beech or chestnut forests (Nakhutsrishvili,
2013a). The arid easternmost regions of Georgia host xerophytic woodlands dominated by
Juniperus excelsa subsp. polycarpos (K. Koch) Takht. and Pistacia atlantica Desf. (Pistachio
woodland predominantly occupying the south-eastern part of lori plateau, Lachashvili et al., 2020)
at elevations from approximately 250 to 500 m a.s.l. These open woodlands occur on rocky slopes
and shallow soils and are often accompanied by Rhamnus erythroxyloides subsp. erythroxyloides
(listed as Rhamnus pallasii Fisch. & C.A. Mey. in Fischer et al., 2018) Celtis glabrata Steven ex
Planch., and scattered individuals of Ziziphus jujuba Mill. These woodlands represent a
biogeographic link to Irano-Turanian flora and display exceptional drought tolerance (Lachashvili

et al., 2020; Nakhutsrishvili et al., 2023).

Mid-Montane to Subalpine (1,200-1,800 m a.s.1.)

The elevational zone 1,200-1,800 m a.s.l. marks the transition from the mixed montane deciduous
forests of lower elevations to the cooler, more humid montane belt, where forest composition
becomes increasingly dominated by F. orientalis (Nakhutsrishvili, 2013a). It represents the most
extensive and ecologically diverse forest zone, especially in the western and central parts of the
country (Box et al., 2000). At lower altitudes, F. orientalis is associated with broadleaved species

like Q. petraea subsp. polycarpa, T. dasystyla subsp. caucasica and Acer spp. (Urushadze et al.).
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In the more humid western parts of Georgia oriental beech forest are characterized by lush Colchic
evergreen species that dominate the dense understory i.e., Rh ponticum, llex colchica Pojark.,
Viburnum orientale Pall., Prunus laurocerasus L. or Daphne glomerata Lam., leading to highly
structured forests. In contrast, in eastern Georgia, the understory of F. orientalis forests tends to be
less dense, with a higher presence of deciduous shrub species, i.e., Corylus avellana L., Euonymus
europaeus L., Rubus spp., C. mas, Crataegus monogyna Jacq., etc. (Nakhutsrishvili, 2013a). As a
result of the humidity gradient, the distribution of these forests along the elevational strata is lower
and associated species are Q. petraea subsp. polycarpa, C. betulus, A. campestre and T. dasystyla
subsp. caucasica in the drier eastern part of the country Q. petraea subsp. polycarpa may form
pure stands below the main distribution range of F. orientalis. As humidity increases along the
elevational gradient, dominance of F. orientalis increases, leading to monospecific stands at higher
altitudes (Dolukhanov, 2010; Nakhutsrishvili, 2013a). Q. petraea subsp. polycarpa and C. betulus
forests in this elevational strata (1,200 and 1,800 m a.s.l.) are considered transitional communities
most developed in the central and eastern parts of the country (Dolukhanov, 2010). These forests
are either dominated by Quercus spp. or C. betulus and C. orientalis, depending on local site
conditions, with C. orientalis typically occupying drier, lower elevations or south-facing slopes. In
eastern Georgia, Q. petraea subsp. iberica is the dominant species, often forming nearly pure
stands or co-dominating with Carpinus spp., particularly in lower elevations. Toward more mesic
conditions and higher elevations, C. betulus increases in importance, sometimes transitioning into
F. orientalis forests. The understory in these forests differs regionally: in the drier eastern zones, it
is typically sparse and composed of drought-tolerant shrubs such as Berberis vulgaris L., Rosa
canina L., and C. monogyna. In contrast, in western and more humid locations, the understory layer
is denser, frequently dominated by species like C. mas, E. europaeus, and C. avellana.

Above 1,200 m a.s.l. F. orientalis occurs mixed with Abies nordmanniana (Steven) Spach.
and Picea orientalis (L.) Peterm. These mixed broadleaved—coniferous forests occupy an
intermediate elevational belt and form an important transition zone between the lower montane
broadleaved forests (i.e., F. orientalis and Q. petraea subsp. polycarpa dominated types) and
subalpine coniferous forests and occur on deep, fertile soils in high precipitation zones, typically
between 1,200—1,600 m a.s.l. (Dolukhanov, 2010). A. nordmanniana may dominate in sheltered
valleys or north-facing slopes, while F. orientalis dominates on slightly drier exposures. P.
orientalis becomes more dominant at the upper margin of this elevational zone, especially on very
moist sites, where it occurs mixed with F. orientalis and A. nordmanniana, and regionally, Pinus
sylvestris var. hamata Steven (Nakhutsrishvili, 2013a; Akhalkatsi et al., 2019). In the Lesser
Caucasus, P. sylvestris var. hamata and A. nordmanniana may be more prevalent than P. orientalis,
reflecting differences in soil and climate. In the western mountains, P. orientalis is more dominant

and tends to form denser stands, with F. orientalis and A. nordmanniana as consistent companions.
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In eastern Georgia, however, due to increased continentality, F. orientalis dominates mixed stands,
while conifers are often restricted to cooler, moister topographical conditions.

The understory in these forests is marked by high variation in species composition. In
western Georgia, the lush, evergreen undergrowth consisting of RA. ponticum, 1. colchica, and P.
laurocerasus is equally frequent, whereas in drier areas, especially at lower altitudes, Lonicera
caucasica Pall and Rubus spp. are frequent throughout the zone. In eastern Georgia, the understory
is generally less dense and composed of species such as B. vulgaris, L. caucasica, and Crataegus
spp. At this elevation zone of the Lesser and eastern Greater Caucasus Quercus macranthera Fisch.
& C.A. Mey. ex Hohen. may accompany or locally replace F. orientalis or C. betulus forests on
higher, drier slopes (Akobia et al., 2022). In disturbed sites or ecotonal patches, mixed stands occur
where A. nordmanniana, P. orientalis, and F. orientalis intermix with elements such as Hedlundia
armeniaca (Hedl.) Mezhenskyj and Acer heldreichii subsp. trautvetteri (Medw.) A.E. Murray,
contributing to transitional forest types (Box et al., 2000; Dolukhanov, 2010; Akhalkatsi &
Tarkhnishvili, 2012; Nakhutsrishvili, 2013a).

Above 1,700 m a.s.l. predominance of conifers increases with 4. nordmanniana and P.
orientalis forests forming a distinct vegetation zone at higher montane to subalpine elevations,
typically ranging up to 2,100 m a.s.l., with regional variations resulting from exposure, moisture,
and slope orientation. Species composition and structure vary between dominant species and
between western and eastern Georgia. P. orientalis dominated forests are frequently associated
with F. orientalis. Because both P. orientalis and A. nordmanniana require relatively high moisture
levels, they rarely reach dominance on the drier, more continental slopes in the east of the country
(Nakhutsrishvili, 2013a). As a result, their distribution is narrower and increasingly fragmented in
the east. Both species sometimes dominate forests on shaded, north-facing slopes or in ravines,
where microclimatic conditions favor moisture retention. In western Georgia however, where
precipitation is high P. orientalis and A. nordmanniana frequently co-dominate, forming dense,
tall forests with relatively closed canopies. Hence, the origin of the vernacular name “dark
coniferous forests” under which these forests are subsumed (Nakhutsrishvili et al., 2021). P.
orientalis and A. nordmanniana dominated forests are found across both the Greater and Lesser
Caucasus and often develop over acidic soils. On northern or moist slopes, P. orientalis and A.
nordmanniana may dominate almost exclusively, whereas they co-occur with F. orientalis or
Betula pubescens var. litwinowii (Doluch.) Ashburner & McAll. on drier or south-facing slopes.
The understory of these forests is dense and species-rich in the humid western Greater Caucasus,
while it becomes markedly sparser and less diverse under the more continental conditions in the

east (Dolukhanov, 2010).
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Subalpine (1,800-2,200 m a.s.l.)

Forests of the Upper Montane to Subalpine Zone (1,800-2,200 m a.s.l.) represent a transition
between closed montane forests and subalpine meadows along the tree line and are characterized
by the increasingly alpine climatic conditions (Nakhutsrishvili, 2013a; Tephnadze et al., 2014).
This zone marks the ecological boundary where climatic conditions begin to significantly restrict
the distribution of thermophilic species, favoring cold-tolerant conifers and shrubby taxa. Forest
types vary across Georgia’s west—east precipitation gradient, though the majority are dominated
by conifers and cold-adapted broadleaved species, i.e., B. pubescens var. litwinowii, Betula
medwediewii Regel, Betula megrelica Sosn. and Betula raddeana Tratv. and dwarfed growth forms
of F. orientalis (Akhalkatsi & Tarkhnishvili, 2012; Akobia et al., 2022).

The provided overview existing forest typologies in Georgia is based on qualitative
descriptions grounded in phytocoenological methods and nomenclature of vegetation science.
Potential distributions of forest types has been mapped by Bohn et al. (2007) on a coarse national
scale. All reviewed sources point to the significant human impact on forest communities, typically

associated with a high level of degradation.

1.5.3 Forest Degradation and Management

Unsustainable use continues to shape many forests, particularly on erosion-prone slopes and in
proximity to settlements (Togonidze, 2015; Patarkalashvili, 2016; Stritth et al., 2024).
Regeneration is often constrained by livestock grazing within forest areas, and reforestation efforts
have declined markedly since the economic and financial crisis in the country of the 1990s,
resulting in persistent degradation risks in specific regions (Olofsson et al., 2010; Patarkalashvili,
2016; Akobia et al., 2022). In addition, forest inventory and data acquisition in the context of forest
management planning were significantly interrupted during the same period and uncontrolled
timber extraction resulted in structural simplification, low growth rates and reduced timber
qualities (Machavariani, 2010). Exacerbating the ongoing degradation, forest and conservation
management face structural and institutional challenges, i.e. the absence of modern theoretical
frameworks and guidance, empirically grounded classification systems, and shortage of forest
science professionals with multidisciplinary backgrounds. For example, comprehensive
supraregional approaches to develop systematic forest classifications aligned with modern
international typological frameworks and phytogeographical principles are still largely lacking,
particularly for forest ecosystems (Goginashvili et al., 2021). Such classifications would enable the
integration of structural components and facilitate the quantification of site- and community-
specific growth rates derived from reference areas representing intended conditions. Although
systematic descriptions that include quantitative structural estimates based on stratified data
analysis are still missing, the required forest inventory data is increasingly available

(Nakhutsrishvili et al., 2023). These data hold great potential for the systematic investigation of
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forest structure, successional trajectories, and the ecological impacts of disturbance and
degradation. With the successful implementation of the first GNFI and the legal framework
solidified by mandate in the New Forest Code (Government of Georgia, 2020) a foundation for
permanent, statistically robust data acquisition has been established. The GNFI marks a turning
point in forest monitoring in the country by providing the first nationally standardized dataset
capable of delivering statistically robust estimates of forest resources, supporting ecologically
grounded classification, and enabling productivity modeling, sustainability assessments, and long-
term biodiversity monitoring. The first generalized results indicate that Georgia’s forest area is
larger than previously assumed (cf. 38.2% Patarkalashvili, 2016), likely reflecting reforestation
trends following the discontinuation of crop cultivation and range farming (Hansen et al., 2018;
Buchner et al., 2020; Akobia et al., 2022; Stritih et al., 2024).

Furthermore, with the acquisition of standardized FMI data at forest district level, the range
of covered forest types is increased. FMIs are usually implemented independently from NFIs and
can follow different assessment protocols. This data can be leveraged to create information to
reduce uncertainties about forest conditions and address knowledge gaps that currently constrain
sustainable forest management (Chalatashvili et al., 2024). Targeted analyses of these data are
essential to disentangle forest type-specific structural properties, related growth and regeneration
dynamics, and alterations caused by disturbance and degradation. From this, updated and
ecologically grounded forest productivity models can be derived which are urgently needed to
replace outdated tools, e.g., out-of-date volume tables, essential to forest management in Georgia
(Machavariani, pers. comm.). To ensure operational relevance for forest management and
conservation, these must be based on up-to-date and regionally adjusted reference values that
reflect structural and compositional realities. These values should be stratified by ecological

classification systems to provide accurate and sustainable guidelines.

1.5.4 Forest Monitoring and Research

The wealth of ecologically meaningful variables now captured, i.e., vertical structure, shrub and
understory composition, and deadwood, offers a solid foundation for advancing management-
relevant forest and biodiversity research. The scientific opportunity lies in developing integrative
approaches that combine dendrochronology, disturbance ecology, successional modeling, and
forest dynamics to strengthen ecological forest science. Already in the 1980s, Dolukhanov (2010)
emphasized the need for a standardized forest monitoring system, criticizing the descriptive and
inconsistent nature of the 10-year forest management planning cycles. Advocating a
multidisciplinary approach, Dolukhanov called for forest type-specific research and to strengthen
the integration of ecology and biology into forestry education. With the onset of recurring
acquisition of systematically assessed forest data, a wide range of ecological and forestry specific

variables have now been assessed on various scales. Georgian forest scientists are increasingly
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making use of these datasets to address contemporary questions in ecology and forest science
(Mikeladze et al., 2020; Akobia et al., 2022; Metreveli et al., 2023; Chalatashvili et al., 2024;
Metreveli et al., 2024).

In addition, two marteloscopes of 1 ha, each have been recently established in two distinct
forest areas in central and west Georgia (Kruse, 2022). Marteloscopes are permanent sample plots
in which all trees are systematically marked and periodically remeasured (Pommerening, 2023);
[Cannot display reference "Kruse 2023 — Identifying training needs": Template "In-text citation -
Thesis - (Default template)" is not defined.]. They generate high-resolution data on community
composition, structure, and habitat features, providing a robust foundation for modeling
successional trajectories, and assessing biodiversity and habitat shifts (Kadavy et al., 2024).
Designed to train and evaluate tree selection in continuous cover forestry, marteloscopes offer a
practical framework to balance ecological reasoning (e.g., habitat value, diversity) and ecosystem
services (e.g., provision of timber) to support the development of holistic, sustainability-oriented
perspectives in multifunctional forest management and education (Joa et al., 2020; John et al.,
2024). As such, marteloscopes hold promise for advancing integrative biodiversity assessment and
supporting analyses of forest community assembly and phylogenetic change.

In summary, the wealth of partially permanent observational studies now available in the
country provides a solid base of robust data that enables systematic and targeted research to answer
pressing ecological questions. Utilizing the available data requires focused processing and analysis
with modern data techniques. The rapid development and increasing availability of modeling
approaches that rely on large, multivariate datasets make this task particularly challenging.
However, multiple opportunities exist to support required advancements in forest science through
network collaborations, i.e., ForestGEO (Davies et al., 2021) or ENFIN (Fridman et al., 2014;
Vidal et al., 2016a). Similar networks (i.e., European Vegetation Archive, Chytry et al., 2016) exist
for vegetation science, e.g., the TRY vegetation trait database, Kattge et al., 2020.
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1.6 Data Analysis

This section outlines the structure, processing environment, and selection criteria used for the
analysis of the GNFI data in this study. The dataset comprises 5,970 recorded sample plots
organized into 2,006 cluster samples. A total of 67,578 trees were measured, and shrub species
were recorded on 4,233 plots. The dataset also includes a wide range of spatially explicit variables
relevant for classifying forest habitats. To manage and explore this large and heterogeneous dataset,
a solid processing and analysis environment was established. Data files (.xlsx format) from the
GNFI were imported into a relational data model constructed in in Microsoft (MS) Power BI.

Figure 1.6 illustrates the relational structure used to organize plot-level, species, and environmental

attribute tables in MS Power BI.
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Figure 1.6: Relational data model used in Power Bl, showing table connections and keys within
the multivariate dataset (screenshot from the structural analysis described in Chapter 4).

MS Power BI provides a robust platform for integrating, exploring, and visualizing large and
complex datasets, supporting efficient early-phase data analysis and interpretation (Becker &
Gould, 2019). In this study, the software was used for data processing, aggregation, exploratory
analyses, and visualization. The integration with R, combined with straightforward export of
aggregated tables as .csv files, allowed seamless transfer of data into RStudio for in-depth analysis.
Built-in visualization tools enabled rapid inspection of preliminary patterns prior to conducting

detailed statistical analyses in RStudio (RStudio Team, 2024). Efficient exploratory analysis is
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possible by swift visualization of spatial distributions, as Power BI allows to map geo-referenced

data sets (Figure 1.7).
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Figure 1.7: Report view in Microsoft Power Bl showing various visualization tools, including
summary tables of aggregated values, map visuals, interactive filters, pie, and bar charts
(screenshot from the exploratory workspace used for structural analysis in Chapter 4).

Calculations based on interspecific phylogenetic distances require species to be reliably identified
at the species level. Before conducting phylogenetic analyses, species identification quality across
layers was assessed to determine data suitability. In this dataset, complete species-level
identification across all three vegetation layers (regeneration, shrub, and tree) was available for
only 39% of sample plots. To ensure consistent data quality and reduce uncertainty, the analysis
was restricted to woody species observations in the tree layer, for which 76% of plots had species-
level identifications.

Whereas MS Power BI was used for initial data organization, filtering, extrapolation, and
compilation, all complex analyses were performed in an R working environment using R Studio
(R Core Team, 2024; RStudio Team, 2024). Throughout this thesis, the R working environment
served as the central platform for computationally intensive analyses, including the calculation of
general diversity metrics during the exploratory analysis, PD metrics, ISOPAM cluster analyses,
statistical validations, and predictive modeling using RANDOMFOREST classifications (Breiman,
2001). Given the large multivariate dataset used in this research, dividing the individual work steps
among different systems helped maintain clarity, ensured data integrity, and enabled efficient data

processing and flexible visualization.
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1.7 Research Objectives and Approaches

This Chapter outlines the core research objectives and methodological approach of the thesis. The
study aims to develop and evaluate the use of phylogenetic information in combination with
systematic forest inventory data to improve biodiversity assessment in large-scale forest
monitoring. By classifying forest inventory data from the GNFI as a case study, this research
operationalizes PD to group compositional data into ecologically meaningful woody species
assemblages. To advance our understanding of the information embedded in phylogenetic
variability of forest communities, the study empirically explores the conceptual and
methodological potential of this approach in relation to environmental gradients, forest structure,
and degradation dynamics.

By incorporating interspecies phylogenetic distances into clustering, the analysis moves
beyond traditional diversity measures to capture an evolutionary component of community
structure. To my knowledge, this approach has not yet been empirically applied to a large-scale
forest inventory dataset. The evaluation focuses on the additional insights gained from
phylogenetically informed beta-diversity metrics, compared to species-neutral diversity indices,
and how these metrics influence related clustering outcomes. The overarching goal is to assess
whether extended diversity measures are suitable for classifying forest communities when applied
to NFI data by addressing three research objectives.

The first objective is to evaluate whether phylogenetic information improves the
classification of woody species compositional data derived from forest inventory plot observations
(Chapter 2). This is addressed by comparing unsupervised clustering results based on a species-
neutral dissimilarity index (Bray—Curtis) with those based on a phylogenetically informed metric
(dA). The resulting group characteristics and spatial patterns are analyzed using 1059 cluster
samples. The following research questions guide this analysis:

* Does the inclusion of interspecies phylogenetic distances in dissimilarity calculations improve
the discrimination of species assemblages compared to species-neutral indices?
* To what extent do assemblages identified using phylogenetic dissimilarity better reflect
underlying biogeographic gradients than those identified using conventional dissimilarity?
* Can the inclusion of phylogenetic information in dissimilarity measures enhance the
ecological interpretability of clustering results?
Building on the phylogenetically informed classification, the second objective evaluates the
ecological and spatial coherence of the identified assemblages. Specifically, the second objective
aims to assess whether phylogenetically informed assemblages correspond to environmental and
biogeographic gradients (Chapter 3). To this end, 3,466 single plot samples were clustered using
the same dissimilarity metric (dA). Cluster membership was modeled using a multivariate

environmental dataset derived from EO and RS data, which was structured into four thematic
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groups: climatic, topographic, soil, and spatial variables. To account for compositional shifts under
disturbance, NFI samples were grouped into subsets based on disturbance level, and each subset
was clustered separately. Random Forest classification models were trained to predict cluster
membership of samples, using principal components of each thematic group as independent
variables. This modeling approach was used to test whether the observed distribution of species
assemblages aligns with biogeographic gradients, leading to the following research questions:

* Can the spatial distribution of woody species assemblages be reliably modeled using site-

specific environmental variables?

* Does increasing disturbance affect the compositional characteristics of species assemblages

and reduce prediction accuracy in classification models?

* Does the relative importance of environmental predictors differ for modeling woody species

assemblage membership across sample groups with varying disturbance levels?
With the first two objectives focusing on classification and modeling, the third objective includes
a more practice-oriented perspective by linking forest structural diversity to forest degradation. To
investigate how structural variation among woody species assemblages is influenced by
degradation, the same cluster analysis was applied. By merging clustered samples with unclustered,
monodominant samples into manually defined groups of similar BA distributions, “forest
formations” consisting of 4,168 samples were created (Chapter 2). Structural indicators are then
compared across these forest formations along a field-assigned degradation severity gradient to
evaluate response and to examine technical considerations in assessing forest degradation within
the GNFI framework. The following research questions are addressed:

* Does the phylogenetically informed clustering approach reveal structural patterns that reflect

the field-assigned degradation severity levels, and can these patterns help distinguish between

disturbance and degradation?

* Do stand properties respond differently to degradation severity across forest formations, and

do observed changes along the gradient indicate a transition from disturbance to degradation?
This thesis focuses on the methodological integration of biodiversity indicator variables into large-
scale forest inventories. It offers an empirical framework for incorporating PD into forest
classification and biodiversity monitoring. In addition to contributing insights to empirical
biodiversity assessment, it also enhances our understanding of community assembly dynamics by
showing how disturbance affects both the structural and phylogenetic composition of forest
communities, for example through the presence of nonnative species. In summary, this study
introduces an ecophylogenetic perspective to forest inventory analysis to assess and monitor forest-

related biodiversity.
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Chapter 2

2 Phylogenetically Informed Forest Classification

Classifying forest vegetation types and discriminating species assemblages is central to
understanding biodiversity patterns, informing conservation strategies, and supporting ecological
monitoring. In this study, I tested whether a phylogenetically informed dissimilarity metric could
improve forest community classifications based on the GNFI data. Specifically, I applied the
unsupervised clustering algorithm ISOPAM to classify forest cluster-plot (each consisting of three
subplots, Chapter 1.4.1.1) sample data, using two dissimilarity metrics: Bray—Curtis index as a
species-neutral, and the discriminating Avalanche dissimilarity index (dA), which incorporates
interspecific phylogenetic distances (Chapter 1.2). The objective was to evaluate the
methodological implications of integrating PD in dissimilarity quantification for hierarchical
clustering and to assess how the resulting classifications differ between approaches.

Accordingly, I integrated the GNFI raw data into a relational data model in Microsoft
Power BI (Chapter 1.6) to facilitate data cleansing and filtering, perform exploratory data analyses,
and to prepare the data by aggregating and extrapolating BA per species and sample. In parallel, I
harmonized all recorded species names by applying the package WORLDFLORA (Kindt, 2020)
within an R workspace of the processing environment of R Studio (RStudio Team, 2024). Using
harmonized species names, I created a community matrix based on BA values per species and
sample and migrated it into the R workspace. Here, I generated a phylogeny from the recorded
species list, using the V.PHLOMAKER package and computed an interspecies dissimilarity matrix
based on the normalized cophenetic distances between each pair of species (Chapter 2.2.3.2, Jin &
Qian, 2019). I then calculated two sample-wise dissimilarity matrices: one using Bray—Curtis
dissimilarities (via the R package VEGAN, Oksanen, 2020), and one using a custom function based
on the equation of dA described by Hao et al. (2019), which was supported by Nils Griese
(University of Gottingen). I visualized each dissimilarity matrix as heat map in R (Figure 2.4).
Integration of dA into ISOPAM and optimization of the algorithm to my dataset was followed the
advice and technical support by the ISOPAM developer Sebastian Schmidtlein (Karlsruhe Institute
of Technology, Schmidtlein et al., 2024). Subsequently, I ran ISOPAM based on each dissimilarity
matrix separately and exported the resulting cluster characteristics to Power BI for characterization,
visualization and initial pattern assessment (Chapter 1.6). Supported by the co-authors, I interpreted
the ecological significance of the resulting dissimilarity patterns and stratifications. Using metrics
such as Within-Sum-of-Squares, the modified Rand index and average intra-cluster dissimilarity
implemented of the R packages MCLUST and FPC, I evaluated cluster coherence of the resulting
hierarchies (Scrucca et al., 2016; Hennig, 2023). To assess how accurately each dendrogram
captured sample differences, I calculated cophenetic correlation coefficients (Chapter 2.2.3.5). To
assess spatial distribution, I mapped clustered sample locations in QGIS (QGIS Development

Team, 2009) and compared theses against potential natural vegetation units from Bohn et al.
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(2007). Finally, I validated the ecological relevance of the results by visualizing the distribution of
elevation values across clusters and applied the non parametric Kruskal-Wallis test for
significance.

Subsequently, I prepared all visualizations and optimized them for publication using the
vector-based image editing tool INKSCAPE (Yuan et al., 2016). I was responsible for the full
preparation, processing, and analysis of the data used in this study. This included harmonizing
species names, constructing the community and phylogenetic matrices, calculating dissimilarities,
adjusting and running the clustering algorithm, and evaluating and visualizing the results. I also
produced all statistical analyses, maps, and visual materials (also see supplemental material of

Wellenbeck et al., 2024 available at https://onlinelibrary.wiley.com/doi/full/10.1002/ece3.1 1569). Finally, 1

drafted and revised the manuscript, led the peer-review process, and served as corresponding author
during submission and revision (see author contributions in the annexed article).

Within the broader context of this thesis, this study establishes a central methodological
foundation. It demonstrates that incorporating PD into dissimilarity calculations leads to
ecologically improved classifications that align with environmental gradients and biogeographic
expectations. These findings provide empirical support for the overarching hypothesis that
phylogenetic informed classification enhances the stratification of forest communities, beyond
what is possible using species identity alone. The approach developed and applied here directly
informs the predictive modeling approach in Publication II (Chapter 3) and highlights the practical

potential of phylogenetically informed classification for large-scale forest biodiversity monitoring.
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Chapter 2

Discriminating Woody Species Assemblages from National Forest Inventory

Data based on Phylogeny in Georgia

Abstract

Classifications of forest vegetation types and characterization of related species assemblages are
important analytical tools for mapping and diversity monitoring of forest communities. The
discrimination of forest communities is often based on B-diversity, which can be quantified via
numerous indices to derive compositional dissimilarity between samples. This study aims to test
the applicability of an unsupervised classification for National Forest Inventory data by comparing
two clustering results based on species-neutral dissimilarity (Bray-Curtis) and the discriminating
Avalanche dissimilarity which incorporates interspecies phylogenetic variation. We calculated the
mean basal area per hectare and species for 1059 forest plot observations and generated a
phylogenetic tree for all observed species. We applied an unsupervised cluster analysis based on
both dissimilarities and compared the results regarding performance and statistics and alignment
of cluster distributions with biogeographic units. Incorporating genetic variation in the
quantification of dissimilarities provides a more nuanced discrimination of woody species
assemblages, and results in more coherent clustering result. Favorable clustering statistics include
the total number of clusters (23 vs. 20), mean distance within clusters (0.773 vs. 0.343) and Within-
Sum-of-Squares (344.13 vs. 112.92). Clusters derived from dissimilarities that account for genetic
variation showed a more robust alignment with biogeographic gradients, such as elevation and
known habitats. We demonstrate that the applicability of unsupervised classification of species
assemblages to large-scale forest inventory data strongly depends on the underlying quantification
of dissimilarity. Our results indicate that by incorporating phylogenetic variation, a more precise
classification aligned with biogeographic units is attained. This supports the concept that the
genetic signal of species assemblages reflects biogeographic patterns and facilitates more precise

analyses for mapping, monitoring and management of forest diversity.

Published Article:
Wellenbeck, A., Fehrmann, L., Feilhauer, H., Schmidtlein, S., Misof, B., Hein, N. (2024).
Discriminating woody species assemblages from National Forest Inventory data based on

phylogeny in Georgia. Ecology and Evolution, 14(7), https.//doi.org/10.1002/ece3.11569.
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Introduction

2.1 Introduction

Forests ecosystems host the largest share of terrestrial biodiversity and cover approximately one
third of the global land surface (Torresani et al., 2019; FAO, 2020; Gillerot et al., 2021; Heym et
al., 2021). In light of increasing pressure on forests due to climate change and the related global
loss of biodiversity, also referred to as the “the sixth mass extinction”, with up to 92% of terrestrial
endemics being anticipated to be negatively impacted (Manes et al., 2021), reliable approaches to
assess and monitor forest diversity are required (Barnosky et al., 2011; Faith, 2013; Palombo, 2021;
Cowie et al., 2022). Monitoring should include the quantification of metrics that allow the
classification of ecological entities based on their specific level, or degree of biodiversity, and
ultimately according to their respective conservation value, which is required by conservationists
(Brooks et al., 2015; Zampiglia et al., 2019). Appropriate delineation of forest communities and
characterization of related species assemblages across taxonomic groups are important analytical
tools for sensible monitoring of species diversity and biodiversity management. On broader scales,
such metrics can be provided by means of vegetation classification which aims to group spatial or
temporal diversity of species within a finite set of abstract categories (Caceres et al., 2015).
Vegetation classification has proven to provide adequate means for descriptive reporting,
communication, and mapping of forest communities and related concepts have responded to
changing information needs over time. Consequently, forest type classifications exist for a wide
range of targets, i.e., habitat quality, (qualitative assessments for biodiversity management),
development over time (i.e., stand classification according to age-classes for forest management)
or along biogeographic gradients, and remote sensing - based mapping of ecological communities
(Céceres et al., 2013; Fassnacht et al., 2016; Caceres et al., 2019b; Hao et al., 2021).

One approach for classifying forest communities focuses on the variation in species
compositional characteristics across assemblages of different sites within a geographic area, which
is commonly known as B-diversity (Magurran & McGill, 2011; Legendre & Céaceres, 2013). B-
diversity can be assessed by the change in species compositional characteristics between sites (i.e.,
species turnover, Jost, 2010) and a plethora of metrics exist to quantify the degree of dissimilarity
between assemblages on various spatial and temporal scales (Ricotta, 2005; Magurran & McGill,
2011; Legendre & Legendre, 2012; Caceres et al., 2013; Caceres et al., 2019a). The most common
dissimilarity indices are exclusively based on compositional characteristics, i.e., species richness
and elements of evenness (Magurran, 2005), while interspecies variability (i.e., phylogenetic,
taxonomic, functional, or traits) is not considered (Pavoine et al., 2013; Caceres et al., 2013; Chiu
etal., 2014; Chao et al., 2018; Hao et al., 2019b). In line with the increasing recognition that genetic
diversity comprises an integral part of biodiversity, e.g., as stated in the definition of biodiversity
by the Intergovernmental Platform on Biodiversity and Ecosystem Services (IPBES, Diaz et al.,

2015), literature on how to incorporate phylogenetics as aspect of diversity is growing rapidly
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(Chao et al., 2023). Accordingly, several authors have approached forest community classification
by accounting for both, compositional data and interspecies phylogenetic variability (i.e., Webb et
al., 2002, Capelo, 2020; Hao et al., 2021, Ricotta et al., 2020). As phylogenetically closely related
species often share beneficial traits for specific environments, discriminating assemblages based
on phylogenetic distances can serve as a proxy for classifying forest communities according to
functional roles, environmental diversity, and conservation value (Faith, 2013; Hawkins et al.,
2014; Pavoine & Ricotta, 2014; Pavoine, 2016; Tucker et al., 2017; Padullés Cubino et al., 2021;
Gilbert & Parker, 2022). Hao et al., (2019b) demonstrated that different patterns emerged if
interspecies taxonomic distances are considered for the classification of global forest communities
using the discriminating Avalanche index (Ganeshaiah & Shaankar, 2000).

On a smaller scale, National Forest Inventories (NFIs) provide systematic and periodical
observations of tree species abundances based on permanent sample units on a country-wide level
(Corona et al., 2011). The continuous adaptation of variables assessed during NFIs highlights an
increasing emphasis on aspects of biodiversity, enabling ecologists to investigate potentials and
limitations of the thus provided data (McRoberts et al., 2009; Corona et al., 2011; Alberdi et al.,
2019; Didion, 2020). Incorporating PD of species assemblages extends the perspective on diversity
in this context and bears the potential to deepen our understanding of the complex interactions
among woody species over large geographical scales.

In the present study, we compare the performance of two dissimilarity indices for the
discrimination of forest woody species assemblages when applied to large-scale forest inventory
data such as the dataset of the first NFI of Georgia. To this end, we applied unsupervised clustering
to the obtained dissimilarity matrices based on a conventional and a dissimilarity index that
incorporates interspecies phylogenetic distances, respectively. Apart from statistics for internal
evaluation of the resulting classifications, our comparison considered the distribution of
discriminated assemblages along biogeographic gradients. Based on the assumption that genetic
variability of co-inhabiting species provides a signal that sufficiently reflects site-specific
environmental determinants, we investigated whether including this variable to the quantification
of dissimilarity results in an improved reflection of biogeographic gradients. To test the general
applicability, we incorporated the phylogenetic variability in the classification of a large, real-
world dataset and evaluated the results considering cluster cohesiveness and overall

interpretability.
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2.2 Data and Methods

We compare two dissimilarity indices for the classification of woody species assemblages when
applied to NFI data of Georgia. Adhering to the methodological approach underlying the data, we
focus on woody species, i.€., all recorded species that meet the specified target diameter at breast
height (DBH, at 1.3 m, MEPA, 2018). Consequently, we are referring to woody species even if

only species is written hereafter.

2.2.1 Study Area

Georgia is located between the Southern Slopes of the Greater and the Northern part of the Lesser
Caucasus, between 41°07° — 43°35°N and 40°04° — 46°44’E (Fischer et al., 2018). The forests of
Georgia host large shares of endemic species and form part of the Caucasus biodiversity hotspot
(Myers, 2003; Joppa et al., 2011). Existing forest formations range from Alpine coniferous forests
dominated by Abies nordmanniana (Steven) Spach. and Picea orientalis (L.) Peterm. to open
juniper woodland (dominated by Juniperus polycarpos excelsa subsp. polycarpos (K. Koch) Takht.
and J. foetidissima Willd.), encompassing further thermophilus to xerophytic mixed oak forest
(Quercus petrea subsp. iberica (Steven ex M. Bieb.) Krassiln., Carpinus betulus L., C. orientalis
Mill.), Colchic alder carrs which are dominated by Alnus glutinosa subsp. barbata (C. A. Mey.)
Yalt. and oriental beech (Fagus orientalis Lipsky) and hornbeam-oriental beech forests (Bohn et

al., 2007; Dolukhanov, 2010; Fischer et al., 2018; Nakhutsrishvili et al., 2021; Novak et al., 2023)

2.2.2 Forest Community Data

Between 2018 and 2021, Georgia implemented its’ first NFI based on a systematic sampling grid
of 3.6 km x 3.6 km with a randomly selected origin. Sampling units consist of cluster plots
(0.21 ha) containing three subplots of 0.0.7 ha each. These subplots are arranged in an L-shaped
configuration with a distance of 100 m along both axes (Figure 2.1). As 18% of the country’s
territory is currently not accessible for government officials due to an ongoing political conflict
(MEPA, 2023), clusters were sampled on approximately 74% of the national forest area (Figure
2.2).

2.2.2.1 Assessment of Woody Species

Woody species were recorded per subplot on three concentric nested subplots according to any
stems’ respective DBH. Stems with DBH >30 cm were recorded on the largest plot (r = 15 m).
Stems with DBH >15 cm and DBH >8 cm were recorded on the inner nested plot radii of 10 m
radius and 5 m, respectively (Figure 2.1). Numerous variables were recorded per woody species,

along with the polar coordinates of the stem axis, species and DBH (MEPA, 2018).
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Figure 2.1: Cluster plot conﬁguratibn of the first National Forest Inventory of Georgia. Each
cluster consists of three subplots for tree assessment within three concentric circles according
to the measured diameter at breast height (DBH, at 1.3 m, MEPA, 2023).

From the entire NFI dataset (N =2006), all accessible clusters pertaining to the locally applied
land-use class “Forest” and sub-classes “Tree covered area” or “Fire affected forests” were selected
for analysis (MEPA, 2018). Subplots with recorded intersection with a forest boundary (“slopover
sample plots”) were excluded to avoid including samples with extreme outliers regarding species
richness due to edge effects (Willmer et al., 2022). Clusters containing species observations that
were not unambiguously identified at species level, e.g., Deciduous spp., Genera spp. were
omitted, because a precise quantification of the cophenetic distances along the phylogenetic
hierarchy is not possible. Clusters containing subplots without woody species observations were
excluded. Our sample consists of all cluster plots comprised of observations from three subplots
(n= 1059, henceforward referred to as “samples”), which represent 53% of all clusters. Figure 2.2

provides an overview of the spatial distribution of samples used for the analysis.
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Figure 2.2: Locations of samples used from the National Forest Inventory of the Georgia,
n = 1059. Samples (black dots) consist of accessible cluster plots of equal sample size (three
subplots) located inside forests, which are not intersected by forest boundaries and contain only
records of taxa identified at species level. Dashed lines mark the boundaries of inaccessible
areas from where no field data was obtained.

After reprojection of sample locations to UTM38N, WGS84 (EPSG: 32638), sample elevations [m
above sea level] were derived from the digital elevation model (DEM) provided by Shuttle Radar
Topography Mission (SRTM, Farr et al., 2007). Elevation values were calculated as the median of
all raster cell values (30 m x 30 m) contained in or crossed by the circular subplot area (r = 15 m +

recorded GPS error [m]) of the Southwestern subplot.

2.2.2.2  Species Diversity Data

Diversity measures are usually based on data representing the compositional variation between
species (i.e., occurrence and abundance) in an assemblage (Ricotta et al., 2021). Forest species
communities may display similar compositional characteristics, in terms of counts of observed
species and respective individuals. However, species can be represented by large numbers of small
diameter trees, or stems belonging to the same individual, or fewer individuals but with significant
large relative shares of BA. Hence, abundance estimates based on counts of individuals do not take
significant differences in the size structure of occurring species into consideration and may result
in distinct evenness profiles. We used mean basal area (BA, m? ha!) per species and cluster plot as
species abundances to account for the variation in size of the constituents. By weighting
compositional data using BA, we incorporate valuable structural information that considers site

occupation per species for the quantification of beta diversity (Staudhammer & LeMay, 2001;
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McRoberts et al., 2009; Yao et al., 2019; Caceres et al., 2019a). Consequently, BA of all living
stems was aggregated per cluster plot and species and divided by three to obtain mean BA estimates

per sample (Caceres et al., 2015; MEPA, 2018).

2.2.3 Analysis

2.2.3.1 Nomenclature

Spelling and nomenclature of all recorded species were standardized with the Taxonomic
Backbone databases of World Flora Online (WFO DB, Kindt, 2020) and the Global Biodiversity
Information Facility (GBIF Secretariat, 2021). In cases where species listed in the NFI data did not
yield an unequivocal match in the WFO DB, corresponding records were harmonized with
Lachashvili et al. (2022) and the nomenclature of the World Plants database

(https://www.worldplants.de) to derive names for all species ranked as taxonomically accepted.

2.2.3.2 Phylogenetic Interspecies Distances

A phylogenetic tree encompassing all observed species was constructed by matching the
harmonized species list with a mega phylogeny containing 72,570 species of vascular plants
according to the World Plants database (GBOTB.extended.WP.tre, Jin & Qian, 2022). The
backbone mega phylogeny is based on the species-level phylogeny for vascular plants derived from
gene sequencing from seven gene regions and 39 fossil calibrations created by Zanne et al. (2014),
that was updated and expanded by Jin & Qian (2022). Following the authors’ recommendation to
consolidate taxa below species level (e.g., sub-species) with the respective parental species, five
infraspecific taxa were combined with their parental species, resulting in the lowest taxonomic unit
being species level (Figure 2.3). From the thus created ultrametric phylogenetic tree (Qian & Jin,
2016; Smith & Brown, 2018; Jin & Qian, 2019), cophenetic distances, i.e., the total branch length
connecting each pair of species at the terminal nodes of the respective phylogeny were calculated

(Kling et al., 2018; Hao et al., 2019a; Bevilacqua et al., 2021).
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Figure 2.3: Phylogeny for 87 species listed in the data sample of the National Forest Inventory
of Georgia. Interspecies phylogenetic distances were calculated as total branch length

connecting each pair of species at the terminal nodes of the hierarchy. For respective branch
lengths see Figure S1.

Interspecies phylogenetic distances were normalized within a square matrix that contained pairwise

distance values [0 < distyn < 1] between each pair of species.

2.2.3.3 Dissimilarity Indices

The discriminating Avalanche index (dA eq. [2] in Table 2.1) developed by Ganeshaiah &
Shaankar (2000) and described by Hao et al. (2019a) considers interspecies dissimilarity by
multiplying absolute differences in frequencies (numerator in BC) of species i and j in two samples
with a specific distance between species i and j. We use the phylogenetic distances to weigh the

difference in mean basal area between i and j. Table 2.1 shows the formulas of both indices used
in this study.
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Table 2.1: Dissimilarity indices used in this study.

e Lalp? = p!|
Bray-Curtis Dissimilarity Index (1957) BC = = [1]
1(p1, + pl )
Discriminating Avalanche (Hao et al., 2019a) dA = > Z Z AY bdu A]a b [2]
i=1j=
With
dy; = phylogenetic distance between species i and j (d;; = dj; and d;; = 0)
Af‘b = absolute difference between the frequencies of species i in plots a and b (|pf — p?|)
n = total number of sample plots
p&,p? = relative frequencies of species i in plots a and b

As the maximum dissimilarity value obtained by dA equals (1 - %), where n equals the number of

species, the resulting dissimilarities were normalized via X,ppm = —— 2% With Xmin and Xmax

Xmax~Xmin
representing the minimum and maximum value of dA, respectively (Legendre & Legendre, 2012;
Hao et al., 2019a). Consequently, pairwise dissimilarity values of the two resulting dissimilarity
matrices (1059 x 1059) range between 0 and 1. Pairwise values of 1 imply that two samples are
completely different as they do not share any species, whereas values of 0 indicate two samples are
equal in terms of compositional characteristics (Chao et al., 2005; Leyer & Wesche, 2008;
Legendre & Legendre, 2012). Prior to clustering, a Mantel test (Mantel, 1967) was performed to
check for existing correlations between the two dissimilarity matrices. As the pairwise
dissimilarities are not normally distributed, and non-linear relationships between the pairwise
dissimilarity values exist, we used the Spearman correlation coefficient with 9999 permutations

(Legendre & Legendre, 2012).

2.2.3.4 Isometric Partitioning

The 1SOPAM algorithm (Schmidtlein et al., 2010) available in package ‘isopam’ (v. 2.0, Schmidtlein
et al., 2024) combines Isometric feature mapping and Partitioning around medoids (data points that
are most centrally located within each cluster with the sum of dissimilarities between medoids and
all other data points being minimized) in order to build clusters with a maximum number and
fidelity of indicative species. The isomap ordination, which is based on geodesic distances strongly
determined by neighborhood definitions, is repeated with different parameter settings. The result
is clustered, and the clusters are evaluated according to the criteria mentioned above. These criteria
are similar to those used when structuring phytosociological tables (Abe, 2021). In this, and in the
use of an ordination, ISOPAM is similar to TWINSPAN (Hill, 1979), but does not involve internal
readjustments, uses geodesic distances (taking account of "neighbors of neighbors" in feature
space) and works on multidimensional ordination spaces. It has been previously used for large
scale classifications of forests (Cerny et al., 2015; Cabido et al., 2018; Zeballos et al., 2020) and
other systems (Hein et al., 2014; Peterka et al., 2017; Feilhauer et al., 2021; Yu et al., 2022).
ISOPAM can be run both unsupervised and supervised (with reference plots). For the current study,

the original source code was extended to support dA (Capelo, 2020) and executed on a computer
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with two Intel Xeon CPU's (E5-2630 v3) and 256 GB RAM using R Statistical Software (v 4.3.2;
R Core Team 2023). To ease comparability, we set the maximum number of hierarchy levels to
four for both classifications. Subsequently, we extracted lists of indicator species frequencies with
levels of significance according to Fisher's exact test for each cluster using the ISOTAB function,
which is part of the ‘isopam’ package. Fidelity ("equalized phi", Tichy & Chitry 2006) together
with Fisher's exact test if the observed frequency is not attained by chance, are the criteria for

qualifying as an indicator species in ISOTAB (Schmidtlein et al., 2024).

2.2.3.5 Evaluation of Clustering

To evaluate the correspondence between the original sample dissimilarities and dendrogram
distances we calculated cophenetic correlation coefficients for each hierarchical cluster structure
(Lapointe & Legendre, 1995; Legendre & Legendre, 2012). The modified Rand index was used to
evaluate clustering performance based on the consistency between partitions (Legendre &
Legendre, 2012). Cluster homogeneity was evaluated via Within-Sum of Squares (WSS, Hao et
al., 2019b) and a comparison of the average distance between and within clusters using the function
CLUSTER.STATS of the R package ‘fpc’. To assess relevance of the hierarchies we compared
indicator species and the resulting, distributions of relative BA among partitioned groups (Caceres
et al., 2015). Evaluation of correspondence to biogeographic units was based on a comparison of
elevational ranges derived from the DEM between groups and the spatial distribution of clusters in
relation to forest vegetation type classifications presented by Bohn et al. (2007). We applied the
non-parametric Kruskal-Wallis test to check for significance between groups, due to non-normality
in the distribution of elevation values within groups (Shapiro test). Henceforward, we are referring
to the initial partition at the lowest level of the hierarchy as classes, to the intermediary partitions

as branches and to the resulting clusters as assemblages.

2.2.3.6 Data Analysis
The analysis was conducted in R Studio version 2023.09.0-463 (RStudio Team, 2024) using R

Base version 4.3.0 (R Core Team, 2024). Harmonization of nomenclature was realized via the R
package ‘Worldflora’ version 1.13-2 (Kindt, 2020) and the package ‘V.phylomaker2’ version 0.1.0
was used to match observed species with the phylogenetic backbone (Jin & Qian, 2022). The
Mantel test and BC dissimilarities were calculated using the packages ‘vegan’ version 2.6-4
(Oksanen et al., 2022). A custom function was embedded in the adjusted clustering algorithm of
the corresponding R package ’isopam’ version 1.2.0 for dA (Schmidtlein et al., 2022). Clustering
metrics were obtained using the R packages ‘mclust’, version 6.0.0 (Scrucca et al., 2016) and “fpc’,

version 2.2-10 (Hennig, 2023).
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2.3 Results

Compositional data of n=1,059 samples containing 65,818 living tree observations were analyzed
(Table 2.2). In total, 87 species were represented by 52 genera, 29 families, 16 orders and 2 classes.

Table 2.2: Summary statistics of compositional data of cluster plots.

Species richness Mean basal area per species [m? ha™']
n Min Max Mean* CV% Min Max Mean* CV%
4.96 30.4
1059 1 12 (£2.14) 43.08 2.54 79.02 (£12.79) 42.06
with
Var. = Variance
CV = Coefficient of variation

%
*Means are denoted with standard deviation in parenthesis
Angiosperms were represented by 76 species (in 87.4% of all samples) across 26 different families.

Fagaceae (six species) accounted for the highest number of observations followed by Betulaceae
with ten species (25.3% and 23.2% of all samples, respectively), Rosaceae and Sapindaceae (15
and six species, in 11.4% and 10.3% of all samples, respectively). In contrast, gymnosperms
(10.3%), were represented by 11 species, belonging to 3 different families, with the largest family
being Pinaceae (6 species) followed by Cupressaceae and Taxaceae (four and one species,

respectively). Gymnosperms were observed in 33% of all samples.

2.3.1 Pairwise Dissimilarity

Mantel statistics (= 0.613 with p = 0.0004) indicated a significant positive correlation between
the two dissimilarity matrices. Pairwise dissimilarities according to dA ranged from 0.23 to 0.87,
which is almost double the range of that of BC (0.63 to 0.99, Table 2.3).

Table 2.3: Summary statistics of mean pairwise dissimilarities based on Bray-Curtis and
discriminating Avalanche.

Index n Min Max Mean* Var. CV%
BC 1059 0.627 0.998 0.789 (+0.099) 0.01 12.55
dA 0.225 0.87 0.383 (£0.147) 0.022 38.38

with
Var. = Variance
CV% = Coefficient of variation

*Means are denoted with standard deviation in parenthesis

Consequently, the mean dissimilarity between samples (0.79 for BC and 0.38 for dA, respectively)
and thus overall variation was higher for BC than for dA, as for the latter frequencies of
dissimilarity values <1 were more evenly distributed, with very few pairwise dissimilarities of 1.

Frequency distributions of sample dissimilarities are provided in Figure S2.

2.3.2 Discrimination of Assemblages

The hierarchical clustering based on BC (HCgc) distinguished 23 assemblages (clusters) across
four hierarchical levels (I - IV) and classes. Within HCgc, samples were partitioned into ten and 17
branches at levels II to 111, respectively. The hierarchical clustering based on dA (HC4a) contained
ten and 15 branches at level II to III and resulted in 20 distinct assemblages over four levels and

classes. Two assemblages were not partitioned further below level Il in HCya (Figure 2.4). The
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number of samples per assemblage ranged from six to 152 for HCgc (Mean: 82+91.5) and three to
163 for HCya (Mean: 106.1+119.9), respectively. For HCgc, the number of observed species per
assemblage ranged from 12 to 54. For HCga, one assemblage contained only four species, whereas

two assemblages encompassed 53 species.

I
RN

r | [ il

ml I it

Subgroup / Dominance
1a Carpinus betulus - Fagus orientalis  3a Abies nordmanniana and Picea orientalis
1b Fagus orientalis 3b Pinus sylvestris and Picea orientalis

2a Quercus petrea - Carpinus spp. 4a Castanea sativa - Alnus glutinosa
2b Carpinus orientalis - Quercus spp. 4b Alnus glutinosa

2¢ Quercus spp.

2d.Juniperus spp. - Pistacia atlantica

Figure 2.4: Resulting cluster hierarchy from the isopam partitioning (dendrogram) and pairwise
dissimilarities of 1059 samples from the National Forest Inventory data of Georgia.
Dissimilarities are based on the Bray-Curtis (a) and discriminating Avalanche (b) index. The
cell grid is colored according to the dissimilarity values between samples (rows and columns).
In total, 23 and 20 assemblages were discriminated for Bray-Curtis and discriminating
Avalanche, respectively. At level Il of the hierarchical clustering based on the discriminating
Avalanche index, ten subgroups distributed over four classes were labeled according to
dominance of relative basal area.

The cophenetic correlation coefficients were 0.492 and 0.442 for HCgc and HCya, respectively.
The obtained adjusted Rand index of 0.317 suggests a modest level of similarity between the

clustering results. Average distances within clusters ranged from 0.671 to 0.875 and 0.196 to 0.49
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for HCgc and HCqa, respectively. Mean distance between clusters was 0.789 for HCgc and 0.384
for HCy4a. WSS values of HCgc amounted to 344.13 and 112.92 for HCya.

2.3.3 Evaluation of Cluster Hierarchies

To evaluate the performance of BC and dA for clustering, we compared the resulting classes,
groups and assemblages considering internal metrics of the partitioning process. 77 and 68
indicator species were listed for all partition based on BC and dA, respectively. For a
characterization based on indicators and respective frequencies, only highly significant (p <0.001)
species with total frequencies >50% were considered, unless indicated otherwise. Indicator species
for both partitions were A. nordmanniana, A. cappadocicum, A glutinosa, C. betulus, Carpinus
orientalis Mill., C. sativa, F. orientalis, P. orientalis, Q. petraea subsp. polycarpa (Schur) Raus,
and Tilia rubra subsp. caucasica (Rupr.) V. Engl. In addition, Fraxinus excelsior L., is an indicator
for HCya. The total number of indicators with frequencies of 100% was 24 and 8 for HCgc and
HCua, respectively. Class one of HCpgc is characterized by a high frequency of F. orientalis (99%),
whereas for HCqa, F. orientalis and C. betulus are listed with frequencies of 93% and 75%
respectively. In class two, the highest frequencies are observed for Q. petrea (87%) and C. betulus
(82%). P. orientalis (68%), F. orientalis (57%) and A. nordmanniana (53%) are the most frequent
indicator species in class three, whereas for class four, these are 4. glutinosa (87%) and Castanea
sativa Mill. (61%). In HCqa, highly significant indicators in class one are F. orientalis (93%) and
C. betulus (75%), whereas in class two these are Q. petrea (84%), C. orientalis (61%) and Fraxinus
excelsior L. (50%). In class three and four of HCaa, P. orientalis (79%) and A. nordmanniana
(64%) and A. glutinosa (92%) and C. sativa (59%) represent highly significant indicators in class
three and four, respectively. Based on these characteristics we labeled the four main classes
according to predominant relative BA and are referring to these for ease of readability
henceforward as follows: class one is characterized by a dominance of Fagus, class two is
Carpinus-Quercus dominated, and class three and four are Pinaceae and Alnus-Castanea
dominated, respectively. Synoptic tables of both cluster hierarchies (Figures S3 and S4,
respectively) and a detailed description of indicator distributions per partition below level 1 for

HCga (document S5) are provided as appendices.

2.3.4 Elevation and Spatial Distribution

To evaluate the correspondence of assemblages to existing biogeographic units, we compared the
distribution of sample elevations within assemblages. Within the four classes in both hierarchies,
sample elevations are distributed similarly. Samples within the Fagus dominated group (class one)
cover a wide elevational range (<750 m —>2000 m a.s.l.), however in HCgc 81% of all samples
are located between >1000 and 2000 m a.s.l., whereas in HCy4a most samples (77%) are located
within the lower range of >750 and 1750 m a.s.l. Samples with Carpinus-Quercus dominance are

predominantly located at elevations <1250 m in both hierarchies. The majority of Pinaceae
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dominated samples lie above 1250 m a.s.l., whereas all of A/nus-Castanea dominated samples are
situated below 1250 m a.s.l., with the majority (70%) positioned below 750 m a.s.l. for HCgc and
HCua, respectively. Over all classes, except for the Fagus dominated group, agglomerations of
sample elevation values are more pronounced for within assemblages of HCya than of HCgc. The
applied Kruskal-Wallis test revealed highly significant differences (p<0.001) between assemblages
for both hierarchies (Figure 2.5).

1141 1442 1121 1122 1431 1132 1141 1142 1210 1221 1222 2110 2120 2200 3100 3200 3300 3411 3412 3420 4100 4210 4220
(h=2) (n=9 (n=53) (=34 (n=26) (n=16) (n=87) ("=2) (n=141) (n=27) (=19 (1=5) (=43 (1=18) (=49 (N=3) (n=61) (=18 (n=6) (n=16) (1=106) (n=51) (=13

P *PBH@M )

|
441 1412 1120 1430 1211 1212 1213 1221 1222 1230 2100 2211 2212 2220 2300 2400 3100 3200 4100 4200
=5) (=12) (=25 (=3 (n=4) (=169 (=8 (=1 @M=3 (=1 M=) @©=F) (=2) (=18 M=) (=9 @M=18) (N=63) (N=91) (M=%

Clustered Assemblages
Figure 2.5: Sample elevations [m a.s.l.] from the National Forest Inventory in the Georgia per
resulting cluster for Bray-Curtis (a) and discriminating Avalanche (b). The boxes represent
interquartile ranges and respective median values (solid line) of sample elevations within each
clustered assemblage (colored dots). Resulting p values of the X’ kuskawaiis test are p = 2.899-
113 and p = 1.674e-115, with confidence intervals between 0.544, 1 and 0.538 and 1 for
assemblages in the hierarchical clustering based on BC and dA, respectively (n = 1059).

Spatial distributions of discriminated assemblages show a general alignment along biogeographic
units. Alnus glutinosa dominated assemblages agglomerate in the humid Alder carrs of Eastern
Georgia (Nakhutsrishvili, 2013), whereas the Pinaceae dominated assemblages are predominantly
located in Montane to Sub-alpine areas of the Lesser and Greater Caucasus. Assemblages
dominated by mixed Quercus spp., Carpinus spp. and F. orientalis are situated at intermediate
ranges. Those with high shares of BA of Quercus spp. are limited to lower and drier areas, while
F. orientalis dominated assemblages are located at higher elevations. Interestingly, the five samples
assigned to Juniperus - Pistacia woodland have been clearly discriminated within HCga that are
located in the semi-arid areas of the Southwest of the country (Nakhutsrishvili et al., 2021).

To visually evaluate the spatial distribution of discriminated assemblages, we cut HCya at
level 11 because 70% of the partitions are not partitioned further below level II, resulting in ten
clustered assemblages (Figure 2.4). Based on characteristic indicator species, relative BA
distributions, and occupied elevational zones, we labeled each assemblage accordingly and mapped
the respective sample location in relation to areas of forest vegetation type classifications according

to Bohn et al. (2007, Figure 2.6).
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Assemblages

Mixed Carpinus betulus - Fagus orientalis forests (Low elevational zone)
Fagus orientalis dominated (Submontane to Alpine zone)

Mixed Quercus petrea - Carpinus forests (Low elevational zone)

Mixed C. orientalis - Quercus forests (Low elevational zone)

Quercus forests (Low elevational zone)

Juniperus - Pistacia atlantica woodland

Abies nordmanniana and Picea orientalis forests (Montane to Alpine zone)
Pinus sylvestris and Picea orientalis forests (Montane to Alpine)

Mixed Castanea sativa - Alnus glutinosa forests (Low elevational to Montane zone)
Alnus glutinosa forests (Low elevational zone)

e000000CO0CO0CEO

Forest Formations (adapted from Bohn et al., 2007)

[ Colchic tall sedge reeds [ Montane to altimontane pine forests with P. sylvestris var. hamata

[ Colchic alder carrs [ Western Caucasian pine forests

I Colchic Oriental beech forest with evergreen undergrowth [ Shrub- and open woodlands with Betula and A. heldreichii subsp. trautvetteri

[ Hardwood alluvial forests [J Shrub- and open woodlands with Q. pontica, Rh. ungemii, Rh. caucasicum

[ Hor hestnut-oak forests with 4. velutir [J Shrub- and open dlands with R. i

B Hygrophylous mixed oak forests [J Southern lowland-colline dwarf sub-shrub deserts with S. ericoides and S. nodulosa
I Thermophilous mixed hornbeam-oak forests with Q. iberica and C. orientalis [ Southern lowland-colline dwarf sub-shrub deserts with wormwood and 4. fiagrans
[ Meso- to philous mixed hornbeam-chestnut-oak-beech forests with evergreen undergrowth [ Subalpine scrub and shrub forests

] Montane deciduous forests with . orientalis [ Subalpine shrub vegetation with Q. pontica

[ High montane coniferous forests 3 Juniper open woodlands

[ High montane coniferous forests with evergreen understory No forest 0 100 km

Figure 2.6: Schematic overview of spatial distributions of discriminated assemblages and main
forest formations adapted from the vegetation types classification by Bohn et al. (2007).
Assemblages are colored according to the respective palette of the four main classes of the
cluster hierarchy (blue, beige, red/orange and green for dominance of Fagus, Carpinus-
Quercus, Pinaceae and Alnus-Castanea, respectively.

2.4 Discussion

Parting from the assumption that genetic variation of co-inhabiting species provides a signal that
reflects site-specific environmental determinants, we contrast the performance of a species-neutral
dissimilarity index (BC) with an index that considers interspecies genetic variation (dA) when used
in unsupervised classification. Our findings indicate that incorporating interspecies phylogenetic
distances in the quantification of dissimilarities results in more coherent and ecologically
meaningful classifications of large-scale forest inventory data with high B-diversity.

The Mantel statistics indicate a significant positive correlation between the dissimilarity
matrices obtained for each index (r =0.613, with p = 0.0004), implying that essential patterns of
variation among samples are maintained in the respective quantifications. However, frequency
distributions and visual inspection of dissimilarities (Figure 2.4) show overall higher dissimilarity
values based on BC, reflecting its’ sensitivity to species turnover. Whereas the resulting cluster
hierarchies maintain a certain level of agreement (cophenetic correlation = 0.511), the fact that a

correlation of one signifies complete similarity suggests that the dissimilarity signal resulting from
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dA is not redundant. Clustering based on dA performs slightly better in preserving the original
dissimilarities according to the respective cophenetic correlation coefficients of 0.492 and 0.442
for HCgc and HCua, respectively. Dendrogram topologies, cluster validation metrics (i.e., WSS of
344.123 and 112.917 for HCgc and HCqa, respectively), and distributions of relative BA among
assemblages indicate a higher degree of compactness, separation and yield generally more
conceivable clustering results based on dA. Overall, HCya provided enhanced general
interpretability and succeeded in discriminating clearly distinguished assemblages regarding
compositional characteristics i.e., the P. atlantica and Juniperus woodlands of the semi-arid
lowlands of Southeastern Georgia. These results support the concept that an extension of variables
considered for quantification of dissimilarity leads to a refined conception for diversity
classification if genetic variation is considered and are in line with the findings of Hao et al. (2019b)
and other authors (Pavoine & Ricotta, 2014; Ricotta & Pavoine, 2015; Capelo, 2020).

As BC represents a “species-neutral” diversity index sensu Chao et al. (2010), which
assumes that all observed species contribute equally to overall diversity, species turnover
constitutes the predominant signal for discrimination, reflected by the significantly higher number
of indicator species with frequencies of 100% (24 and 8 for HCgc and HCuaa, respectively).
Conversely, as dA dissimilarity considers species as phylogenetic units a complete species turnover
does not necessarily result in maximum dissimilarity values between two sites, because differences
in abundance are weighted by the genetic proximity between species. Assuming that the genetic
signal of co-occurring species reflects niche occupation within given ecogeographical areas
(Hawkins et al., 2014), the thus refined dissimilarity signal appears to respond to biogeographic
gradients in a more interpretable manner.

The validity of the presented approach relies on precise measurements of tree diameters
and accurate species identification in the field. While traditional forest science prioritized genus-
level information, growing emphasis on diversity-related issues prompted forestry experts to be
increasingly trained to provide accurate species identification. The related uncertainties are not
design-based issues, but apply to all ecological surveys requiring botanical expert knowledge to
ensure taxon detection and validate observations on species level (Lam & Kleinn, 2008; Roswell
et al., 2021). Overall, only 2% of all cluster plot observations included individuals that were not
identified to species level and had to be excluded. By considering only cluster plot observations of
equal sample size (m = 3, 64% of all clusters plots) and the exclusion of subplots overlapping with
the forest boundary (16%), our analyses are based on a subsample of the NFI data, representing
60% of all cluster plot observations. Hence, conclusions drawn from the presented results should
consider e.g., that species exclusively occurring at forest boundaries are excluded. Potential
limitations to validity arise from field sampling protocols, as overall subplot size, or sampling
effects due to the nested subplot structure (with respective target DBH as inclusion criteria), may

introduce bias to the quantification of dissimilarity (Caceres et al., 2019b). Accordingly, observed

79



Chapter 2.4

numbers of species should be regarded as proxies of true species richness, especially if nested
sample plot designs are applied that are based on specific diameter thresholds (Lin et al., 2020).
Overall species richness can be assumed to be higher with the contributions of smaller diameter
trees being neglected (Corona et al., 2017). Aggregations to cluster plot level could potentially
translate to generalization effects, and the loss of information on site-specific environmental factors
on smaller scales. The resulting magnitude of impact on the presented results however, is likely to
vary according to forest type, topographical condition and management regime (McRoberts et al.,
2009).

With continuing advances in whole-genome phylogenetics and functional genomics,
information on PD is continuously improving (Kling et al., 2018). Access to comprehensive and
standardized phylogenetic mega trees to quantify species genetic relationships is readily available
and their application to investigate variation in community compositions is becoming increasingly
more common (Gilbert & Parker, 2022; Jin & Qian, 2022).

Our results are of relevance for a wide range of classifications of ecological entities
according to conservation value, mapping of ecological communities or other discriminative
objectives. The method aligns standard canopy layer data from forest inventories with natural
vegetation types according to Bohn et al. (2007), but harmonization with existing forest typologies
is limited due to methodological differences, such as the structural vegetation layers considered
and the abundance units recorded (e.g., Mucina et al., 2016; Chytry et al., 2020). Investigating the
degree to which the resulting clusters can be aligned with defined syntaxonomical units is an
interesting area for future research, especially for the identification of diagnostic species from the
shrub and herb layers to refine classifications and the development of practical assessment
procedures.

The integration of genetic signals of forest communities during characterization has wide
implications for respective approaches to classification. As a proxy indicative for the relationship
between species composition and site conditions, interspecies genetic variation extends the scope
of forest diversity mapping, management, and monitoring to account for alterations inconceivable
by conventional compositional variables. Beyond the potential advantage for streamlining
processes by applying unsupervised classification to large datasets, our approach is straightforward
and can be readily replicated with comparable data, provided entities are assessed in a systematic
manner. Ecological studies are frequently less systematic and constrained by temporal and spatial
scales due to the dynamic nature of communities over time and space. This holds true to a lesser
degree for assessments of woody species communities within the context of national forest
monitoring systems, which are re-sampled in fixed intervals. Hence, from a practical point of view,
the resulting network of observational studies provides a valuable framework for a systematic and
recurring collection of ecological data, as additional costs and efforts can be embedded into existing

structures. Extending the scope of study objectives to systematic assessments of a wider range of
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botanical and potentially zoological taxa could provide powerful and statistically robust data for

analyses of organisms, structural components, and the interrelationships between them.

2.5 Conclusions

We present an approach to discriminate species diversity from NFI data of forest communities with
high beta diversity and species turnover. The novelty of the method lies in considering interspecies
genetic variability for the quantification of diversity and subsequent classification using an
unsupervised clustering algorithm on a country-wide scale. We demonstrate that large-scale forest
inventory data can be classified in an ecologically meaningful manner based on mean basal area
estimates per species and consideration of phylogenetic dissimilarity between samples. The thus
obtained discrimination of species assemblages provides a differentiated picture of existing
diversity patterns along expected biogeographic gradients without the need for additional
assessments. This approach aligns with a biodiversity concept considering genetic diversity and
could potentially be standardized for application to similar datasets, provided systematic data
assessment is granted. The presented results should be considered as a step in evaluating to which
extent large-area forest inventory data could provide a backbone for extended biodiversity
monitoring systems, as discrimination of woody species assemblages allows for systematic

delineation of forest ecosystem if genetic variation is considered.
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Chapter 3

3 Modeling Phylogenetically Informed Forest
Classifications

Publication II builds directly upon the ecophylogenetic stratification framework established in
Publication I (Wellenbeck et al., 2024) and extends it into the domain of predictive modeling to
forecast cluster membership using environmental proxy variables. To evaluate how accurately the
spatial distribution of clustered woody species assemblages can be predicted by environmental
correlates, I applied a Random Forest classification modeling approach. By modeling assemblages
from environmental variables derived from remote sensing and Earth observation data, this study
tests the central hypothesis that community composition defined through evolutionary proximity
reflects ecological patterns shaped by environmental filtering processes along biogeographic
gradients.

As predictors, I compiled a multivariate dataset representing environmental gradients as
spatially explicit raster data within QGIS. Prior to the analysis, I filtered the GNFI dataset in Power
BI (Chapter 1.6) by excluding monospecific samples, samples with species not identified at the
species level, and samples that were either intersected by a forest boundary or located outside the
spatial extent of the area covered by the EO raster data. Contrasting the chosen approach in Chapter
2.2.2.1, I used subplot observations for analyses instead of cluster-plot based samples, to reduce
compositional variability within samples. This increased the number of observations to m = 3,466.
To account for the influence of disturbance effects (i.e., timber harvest, erosion, etc.) on prediction
accuracy, | grouped the samples into subsamples according to disturbance intensity in Power BIL.
Once each sample was assigned to one of three sample groups (undisturbed, disturbed and
disturbed with neophytes, respectively), I compiled separate community matrices for each and
transferred them to the R working environment. Because of unequal sample sizes of the sample
groups, | randomly selected an equal number of disturbed samples to match the number of
undisturbed samples in R. Subsequently, I applied the identical processing chain, including
ISOPAM clustering based on dA (Chapters 2.2.3.1 - 2.2.3.4), to all three sample groups. The cluster
analyses clearly demonstrated the influence of disturbance, as hierarchical complexity decreased
with increasing disturbance intensity (Chapter 3.3.1). Subsequently, I compared the phylogenetic
relatedness within woody assemblages across the three cluster hierarchies to test for differences in
phylogenetic signal, using SESwpep from the R package PICANTE (Kembel et al., 2010).
Homogenization effects led to reduced phylogenetic divergence and weakened species-cluster
associations. In parallel, I imported the selected subplots as shapefiles into QGIS, mapped sample
group distributions (Figure 3.4) and performed spatial queries against previously prepared Earth
observation raster data layers for each sample. From the resulting dataset, which contained more
than 30 variables describing site conditions, I visualized correlation matrices in R to filter and

identify relevant environmental predictors (see supplemental material in Wellenbeck et al., 2024,
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available at htlps://ww*wzscicnccdirccl.com/scicncc,'arliclc/nii/80378l12725002713). Predictor variables for

modeling were selected based on ecological relevance and highly intercorrelated variables were
excluded based on the discussion with the co-authors. Topographic variables were derived from a
high-resolution DEM for classifying terrain forms at small scales and from SRTM data (Chapter
1.4.2). I then loaded a single data table with site property data into the R workspace and organized
the predictor variables thematically into climatic conditions, topographic structure, soil properties,
and spatial configuration and human influence (Chapter 3.2.2.2.5). I applied Principal Component
Analysis (PCA) separately to each of the four thematic groups to reduce the dimensionality of the
predictor data sets. Subsequently, I trained three Random Forest classification models, using the
package RANDOM FORESTS in R, to predict cluster membership within each sample group based on
the principal components of the four thematic predictor groups (Cutler et al., 2007). After
discussing the results with the co-authors, I evaluated classification accuracy through overall model
error statistics and assessed variable importance to identify which environmental predictor most
strongly influenced assemblage discrimination. I performed all statistical evaluations, including
model tuning, cross-validation, and analyses of variable importance. In addition, I prepared all
figures, drafted and revised the manuscript, incorporated feedback from co-authors, and handled
submission as corresponding author (see CRediT authorship contribution statement in the annexed
article).

Within the broader conceptual framework of the thesis, this study advances the
ecophylogenetic approach by demonstrating that the distribution of phylogenetically informed
assemblages can be predicted based on environmental data. Although prediction accuracies were
moderate, the study clearly showed that distribution patterns are non-stochastic, with disturbances
reducing the phylogenetic signal, thereby limiting detailed clustering and accurate prediction.
Consequently, the importance of specific predictors varied among sample groups, though their
overall ranking remained largely consistent. These findings underscore the thesis’s overarching
theme that the integration of PD into cluster analysis produces coherent groups whose functional
properties reflect environmental conditions. This has broad implications for forest biodiversity
monitoring and management, enabling targeted conservation of PD or forest science to leverage
the inherent relationship between evolutionary proximity and environmental filtering processes.

This study substantiates the role of phylogenetically informed classifications in capturing
environmental filtering processes, showing that clustered assemblages align with multivariate
environmental gradients across large spatial scales. It further demonstrates that the predictive
strength of environmental correlates is constrained by disturbance-driven homogenization, which
limits both the resolution of cluster structures and the accuracy of the respective classification

models.
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Chapter 3

Prediction of Woody Species Assemblages using Ecophylogenetics and

Earth Observation Data

Abstract

Organizing species assemblages based on compositional characteristics enables the identification
of ecologically meaningful patterns in biodiversity and supports forest diversity monitoring,
conservation, and management. In this context, ecophylogenetics offers powerful opportunities by
exploring how evolutionary relationships between species reflect community distributions within
ecological space. Using National Forest Inventory data of Georgia (Sakartvelo), we classify woody
species assemblages based on interspecies phylogenetic dissimilarity and evaluated whether cluster
membership could be predicted from multivariate Earth observation data describing site-specific
environmental conditions. Principal components of 30 explanatory variables were used to model
class membership across three sample groups with increasing disturbance levels. Prediction
accuracy reached 53.6% (OOB error 46.4%) for undisturbed samples, 67.5% for disturbed (OOB
32.5%), and 45.7% for disturbed samples with neophytes (OOB 54.3%), based on 12, 6, and 5
clusters, respectively. The decline in classification accuracy with increasing disturbance reflects
compositional homogenization and a weakened alignment of the phylogenetic signal with
environmental gradients. Our findings demonstrate that incorporating phylogenetic variability in
the classification of woody species assemblages enables coherent clustering and effectively
captures distributions along environmental gradients particularly under low-disturbance
conditions. This approach offers a solid framework to improve forest community classification and

to support sustainable forest and conservation management.
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Introduction

3.1 Introduction

Forest ecosystems support terrestrial biodiversity by providing habitat and sustaining essential
ecological processes. Reflecting this importance, recent approaches have advanced forest
biodiversity monitoring through the integration of ecological indicators into national forest
inventories (Gillerot et al., 2021; Heym et al., 2021). Large scale, repetitive forest inventories
support comprehensive biodiversity monitoring systems by providing systematically assessed data
on community composition, stand structure and characteristics such as dead wood, tree habitats
and other ecological components outside the scope of conventional forestry objectives (Newton &
Kapos, 2002; Chirici et al., 2012; Godoy & Rueda, 2016; Reise et al., 2019; Ette et al., 2023). Data
generated by these assessments enable the quantification of various aspects of community diversity
and temporal biodiversity changes in forest ecosystems and are available worldwide (Winter et al.,
2008; Corona et al., 2011; Traub & Wiiest, 2020; Heym et al., 2021). Woody species are the main
contributors to biomass in forest ecosystems and are a key component of forest biodiversity (Zhou
et al., 2021). Forest inventories usually record all woody species observations occurring within a
standardized sample plot area, according to predefined inclusion thresholds (Henttonen & Kangas,
2015). Thus recorded woody species assemblages represent subsets of the regional species pool
filtered through multiple abiotic and biotic mechanisms, like species’ habitat and dispersal
limitations, and local dynamics, such as disturbances or species competing for space and resources
(Swenson, 2011b; Pavoine & Bonsall, 2011). Organizing woody species assemblages according to
shared compositional or other characteristics supports conservation and forest management and
increases our understanding of community distributions across spatial scales (Hao et al., 2021).
The field of ecophylogenetics extends the scope of compositional characteristics to the
phylogenetic structure of species assemblages providing means to infer the assembly mechanisms
that shape community distribution patterns from the phylogenetic relationships of their constituents
in a multidimensional ecological space (Davies, 2021).

The non-stochastic distribution patterns of woody species assemblages are shaped by
assembly rules defined by scale-dependent environmental drivers. At finer spatial scales (e.g., on
sample plot or stand level), co-occurring species are often distantly related, reflecting limiting
similarity and competitive exclusion (Cavender-Bares & Wilczek, 2003). At coarser spatial scales
however (e.g., across regions), habitat heterogeneity becomes more pronounced and closely related
species tend to cluster due to niche conservatism, as environmental filtering selects similar species
suited to particular conditions (Webb, 2000; Webb et al., 2002; Holt, 2009; Ascanio et al., 2024).
Thus, species’ phylogenetic dissimilarity reflects niche differences as a result of abiotic constraints
which interact with biotic factors that shape diversity patterns (Gerhold et al., 2015; Kraft et al.,
2015; Cadotte & Tucker, 2017; Cadotte, 2017) and determine which species co-inhabit sites with

similar conditions, forming habitat specific communities (Weiher & Keddy, 2001; Webb et al.,
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2006; Norberg et al., 2019). The interrelation between increasing spatial distance and species or
community dissimilarity is well established, and consistent with Tobler's first law of geography
(Tobler, 1970). This relationship is attributed to the decrease in environmental similarity along
contemporary environmental gradients or dispersal limitations and niche width differences among
taxa, mediated by evolutionary diversification (Kusumoto et al., 2021; Bosch et al., 2021).
Consequently, the phylogenetic structure of species assemblages is spatially dependent and
provides a proxy metric that characterizes community responses to environmental conditions. In
ecology, this approach is used to disentangle the relative roles of environmental filtering,
competitive exclusion and biogeographic processes that shape community structure (Webb et al.,
2002; Emerson & Gillespie, 2008; Xu et al., 2019; Davies, 2021). Since phylogenetic dissimilarity
reflects species' functional traits, this approach offers potential for distinguishing species
compositions by organizing communities in a way that incorporates natural evolutionary processes
shaped by environmental filtering mechanisms. The notion that the inherent genetic signal of
species assemblages reflects abiotic site conditions suggests that species ecological demands can
be inferred from environmental variables governing niche differentiation and community
distributions (Gilbert & Parker, 2022). Increasing our understanding of the interrelations between
evolutionary processes and niche development bears significant potential for applications in
ecologically sound sustainable forest management and forest diversity monitoring (Davies, 2021).

In forest ecosystems, niche differentiation among woody species assemblages arises from
variations in species’ light, water, and nutrient needs, as well as specific traits of seed dispersal
strategies and responses to disturbances and succession (Szymura et al., 2015; Lausch et al., 2019;
Akobia et al., 2022). Adaptive limitations result in often overlapping but distinct niche
occupancies, causing species turnover along gradients. This turnover leads to gradual change of
the phylogenetic signal which, if quantified as dissimilarity, can serve as proxy to explain assembly
mechanisms and model resulting distribution patterns. At intermediate scales (i.e., landscape level),
classifications based on generalized species assemblages can effectively characterize community
distributions to enable modeling and mapping of species assemblages through Earth observation
(EO) data (Ferrier & Guisan, 2006; Feilhauer et al., 2011; Feilhauer et al., 2012; Kuenzer et al.,
2014). The growing availability of optical remote-sensing data with improved spatial, spectral, and
temporal resolution, and advanced data managing tools enable cost-effective analyses of large areas
at regular intervals (Foody & Cutler, 2003; Gillespie et al., 2008; Rocchini et al., 2018). When
combined with systematic sampling across environmental gradients, it allows for comprehensive
assessments of the relative influence of climate, soil, geomorphology and dispersal limitations on
species turnover (i.e., B-diversity) of forest communities (Hernandez-Stefanoni et al., 2012).
Examining the explanatory power of environmental gradients in defining classes of species
assemblages provides insights into the processes that constrain patterns of community

compositions and improve predictive distribution mapping (Gilbert et al., 2024).
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We use data from the first National Forest Inventory of Georgia (Sakartvelo, GNFI), where
a relatively high proportion of forest area (44.5%, MEPA, 2023) and a comparably high degree of
conservation regarding natural species distribution and diversity in the respective biome (Novak et
al., 2023; Stritih et al., 2024) provide a unique opportunity to link species diversity data with
multivariate remote-sensing proxies to test whether diversity patterns can be predicted via
environmental gradients within this complex forest ecosystem. We hypothesize that at the regional
scale, the composition of woody species assemblages exhibits a distinct phylogenetic signal that
reflects habitat conditions and enables the prediction of assemblage membership from site
characteristics derived from EO data. To test this hypothesis, we address the following research
questions: i) Does hierarchical discrimination of compositional data, considering phylogenetic
variability, reflect ecological niche distribution along environmental gradients? ii) Does increasing
disturbance intensity influence the prediction accuracy of species assemblages in classification
models? iii) Does the relative importance of environmental predictors differ for modeling woody

species assemblage membership across sample groups with varying disturbance levels?

3.2 Data and Methods

To understand how phylogenetically informed species classifications reflect ecological patterns
under varying disturbance regimes, we applied a multistep approach combining hierarchical
clustering with classification modeling using environmental gradients derived from EO data. By
classifying GNFI subsamples according to quantitative disturbance intensities, we compare how
disturbance shapes the resulting cluster hierarchy, coherence and species-cluster relationships.
After reducing multicollinearity through principal component analysis (PCA) of EO variable
groups, we used the thematic principal components (PC) to model cluster membership via Random
Forest (RF) classification. We evaluated prediction accuracy and variable importance across
models to examine how phylogenetically informed clustering reflects ecological gradients and

responds to disturbance.

3.2.1 Study area

Georgia lies between 41°07' - 43°35'N and 40°04' - 46°44'E and borders the Greater Caucasus to
the north and the Lesser Caucasus to the south (Fischer et al., 2018; Nakhutsrishvili et al., 2023;
Cortner et al., 2024). The country is characterized by dominant hilly to rugged mountainous terrain
with roughly 55% of the national area located at elevations exceeding 1000 m above sea level
(a.s.l.) and around 40% on slopes with >20° inclination (Mikeladze et al., 2020). The
predominantly mountainous topography of the country represents a geographically diverse region
with pronounced environmental gradients that hosts species of independently evolving lineages
(Tarkhnishvili et al., 2012; Tarkhnishvili, 2014; Dering et al., 2021). The large number of endemic

species found within a relatively limited spatial extent, render Georgia an area of high priority for
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conservation as part of the Caucasus biodiversity hotspot (Zazanashvili et al., 2001; Myers, 2003;
Mittermeier et al., 2011; Joppa et al., 2011). The Greater and Lesser Caucasus moderate Georgia's
climate, with mountainous regions experiencing mean annual temperatures of =5 °C — 10 °C and
800 — 1400 mm precipitation (Keggenhoff et al., 2014). Rising to 1000 m a.s.l., the central north-
south running Likhi Range acts as a natural climatic boundary that separates the humid, warm
climate of Western Georgia (13 — 15°C, <400 —>4000 mm) from the increasingly continental
climate of Eastern Georgia (10 — 13 °C, 500 — 600 mm, Denk et al., 2001; Elizbarashvili et al.,
2006). Existing forest associations range from Alpine coniferous forests dominated by
Abies nordmanniana (Steven) Spach. and Picea orientalis (L.) Peterm. at higher elevations to
open Jjuniper woodland (dominated by Juniperus
polycarpos excelsa subsp. polycarpos (K. Koch) Takht. and J. foetidissima Willd.) distributed
along the drier areas in the Southeast. At lower elevations, Colchic alder -carrs
(Alnus glutinosa subsp. barbata (C. A. Mey.) Yalt) and humid temperate broadleaf forests,
including Sweet Chestnut (Castanea sativa Mill.), characterize the Western lowlands of the
country. Thermophilus to xerophytic mixed oak forests occupy large parts of central Georgia
(Quercus petrea subsp. iberica  (Steven ex M. Bieb.) Krassiln.,,  Carpinus betulus L.,  and
Carpinus orientalis Mill.). Extensive Oriental beech (Fagus orientalis Lipsky.) and hornbeam-
oriental beech forests complement the main forest associations existent in the country

(Dolukhanov, 2010; Patarkalashvili, 2017; Nakhutsrishvili et al., 2021; Novak et al., 2023).

3.2.2 Data

To prepare the dataset for phylogenetically informed clustering and classification, we filtered GNFI
plots by forest continuity, species richness, and taxonomic resolution. Sample plot composition

was quantified as basal area per species and weighted by interspecies phylogenetic distances.

3.2.2.1 Sampling Design of the GNFI

The GNFI is based on a systematic sampling grid of 3.6 km x 3.6 km with a randomly selected
origin. Field observations are recorded as cluster samples comprising three sample plots of 0.07 ha
each, arranged in an L-shaped configuration with a distance of 100 m along both axes (Figure 3.1).
Woody species are recorded according to any stems’ respective DBH. Stems with DBH >8 cm are
recorded on the inner nested subplot radius of 5 m, whereas stems with DBH >15 cm and
DBH >30 c¢m are recorded on subplots with r = 10 m and r = 15 m, respectively (Figure 3.1). The
GNFI data contains numerous variables describing stand characteristics, i.e., disturbances, and
number of stumps (MEPA, 2018). Stumps are measured on the entire sample area (r = 15 m) and
classified according to origin (“natural” or “anthropogenic”). Disturbance is recorded per type
(e.g., low basal area density, non-systematic wood extraction, etc.) and severity class (1 - 3). As

18% of the country’s territory is currently not accessible for government officials due to an ongoing
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political conflict, only approximately 74% of the national forest area of Georgia (2,278,760 ha,
Figure 3.4) was sampled (MEPA, 2023).

r=5m
r=10m
r=15m

100 m

100 m

Figure 3.1: Configuration of cluster plots comprising three sample plots of the National Forest
Inventory of Georgia. Woody species are recorded within three nested subplots according to the
measured diameter at breast height (DBH, at 1.3 m,). For each stem, tree and stem number,
species (if identifiable) and DBH measurement were recorded along with the polar coordinates
of the stem axis and other variables (MEPA, 2018).

The complete GNFI dataset contains n = 1773 cluster and m = 4452 sample plot observations with
recorded woody species unambiguously identified at species level and are classified as “Tree

covered area” and “Forest” according to the local land cover categorization (MEPA, 2023).

3.2.2.2 Data Subsampling and Diversity

We excluded sample plots intersected by a forest boundary to avoid bias to the compositional data
as a result of edge effects (Ries et al., 2004; Willmer et al., 2022) and removed monodominant
samples (S = 1), as these cannot be clustered based on species composition. The remaining dataset
contained 3,466 sample plot records (henceforward referred to as “samples”, Table 3.1). We
stratified the data according to anthropogenic disturbance (severity > 0), presence of non-natural
stumps, signs of cattle grazing or presence of neophytes. Samples with any of the aforementioned
attributes >0 were labeled as “disturbed” (mgs =2931). Samples with recorded presence of
neophytes were labeled as “disturbed with neophytes” (mneo = 197). All other samples were
considered “undisturbed” (myngis = 535). To ensure equal sample sizes between undisturbed and
disturbed sample groups, we randomly subsampled the disturbed samples (mgis = 535) resulting in
a total subsample consisting of 1267 sample plot observations (Table 3.1), which account for a
total sampled area of approximately 90 ha, representing 0.004% of the total forest area of Georgia

(2,278,760 ha, MEPA, 2023).
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Table 3.1: Summary statistics of analyzed subsampled data.

BA ha'!
Sample Group m S Min Max Mean* Var. CV(%)
Subsamples 1267 96 1.37 120.79 33.19 (£17.084) 291.846 51.47
Undisturbed 535 58 9.14 111.43 40.04 (£16.292) 265.431 40.69
Disturbed 535 61 1.74 120.79 30.85 (£15.740) 247.746 51.02
Disturbed with neophytes 197 75 1.37 82.44 20.97 (£13.922) 193.835 66.39
*Mean values are denoted with standard deviation in parenthesis.
Var. = Variance
(6)% = Coefficient of variation

Sample composition was derived as extrapolated sum of basal area (BA, m? ha!) per species and
sample as abundance value (Staudhammer & LeMay, 2001; Yao et al., 2019; Caceres et al., 2019;
Ricotta et al., 2021). Spelling and nomenclature were standardized using the Taxonomic Backbone
of World Flora Online (WFO DB, Kindt, 2020) and the Global Biodiversity Information Facility
(GBIF Secretariat, 2021). Neophyte species were identified according to the list of invasive species
for Georgia available on GBIF (Kolbaia et al., 2020). We constructed a phylogenetic tree by
matching the standardized species list with the mega phylogeny of World Plants database
(GBOTB.extended.WP.tre, Jin & Qian, 2022; Davies et al., 2023). Pairwise phylogenetic distances
were calculated as total branch lengths connecting each pair of species at the terminal nodes of the
created tree (Zanne et al., 2014; Smith & Brown, 2018; Kling et al., 2018; Wellenbeck et al., 2024).
We calculated dissimilarities between sample plots based on the Discriminating Avalanche (dA),
developed by Ganeshaiah & Shaankar (2000) and refined by Hao et al. (2019b) which quantifies
interspecies dissimilarity by weighting absolute differences in frequencies of species i and j in two
samples with the corresponding phylogenetic distance (Table 3.2).
Table 3.2: Dissimilarity index used in this study.

n n
Discriminating Avalanche (Hao et al., 2019a) dA = % Z AP dyARP [1]
i=1 j=1

With

dyj phylogenetic distance between species i and j (d;; = d;; and d;; = 0)

Af’b = absolute difference between the frequencies of species 7 in plots a and b (|pf‘ -p? |)

n = number of samples
p&,p? = relative frequencies of species i in plots a and b
We normalized the resulting dissimilarities according to dA,g,.m = A7 dAmin_ (Legendre &

dAmax—dAmin

Legendre, 2012; Hao et al., 2019a).

3.2.2.2.1 Environmental Data

We compiled explanatory variables that represent environmental gradients expected to be
determinant for species compositions in four thematic groups (Dolukhanov, 2010; Hawkins et al.,
2014; Qian et al., 2019; Padullés Cubino et al., 2021). As climate can be seen as the primary factor
influencing tree species distributions (Box, 1996; Zellweger et al., 2015; Aratjo et al., 2019;
Coelho et al., 2023), we obtained climatic variables from the Copernicus BIOCLIM dataset
(Vanuytrecht et al., 2021). To quantify edaphic site conditions, we extracted soil characteristics
from the layer-specific SOILGRID database (ISRIC) and calculated mean values across all layers
(Hengl et al., 2017; Poggio et al., 2021; Turek et al., 2023; Miller et al., 2024). Topographic
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variables were derived from two digital elevation models (DEM) of different spatial resolutions
and extent (Figure 3.2) to account for existing gradients at landscape scale (Sefidi et al., 2016;
Gardner et al., 2019; Akobia et al., 2022; Haesen et al., 2023) and micro-topographic gradients,
i.e., slope position (Siegert et al., 2016).
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Figure 3.2: Data overview of sample locations and applied digital elevation models. The SRTM
based DEM is available for the entire country area. The dotted line outlines the extent of the
LiDAR-based DEM. Sample plots (m = 4452) are shown as point features and represent all
accessible sample plots located inside forest, which are not intersected by forest boundaries and
contain only records of taxa identified at species or subspecies level.

We derived estimates of anthropogenic impact from the human footprint raster data provided by
the Wildlife Conservation Society (2005; Sanderson et al., 2022) and manually estimated pressure
from anthropogenic influence based on proximity to settlements and infrastructure derived from
Open Street Map (OSM, OpenStreetMap contributors, 2024). Per sample values derived from
raster data were aggregated over all cells contained in or crossed by a buffer representing the
circular sample plot area (r=15m plus the recorded GPS error [m] to account for signal

inaccuracies) using the Zonal Statistics algorithm of QGIS (QGIS Development Team, 2009).

3.2.2.2.2 Climatic Variables

The BIOCLIM dataset (Global bioclimatic indicators from 1979 to 2018 derived from reanalysis)
contains averages of bioclimatic indicator metrics based on historical reconstructions with a spatial
resolution of 1 km (Vanuytrecht et al., 2021). We evaluated 13 bioclimatic variables (Table 3.4)
representing annual or seasonal climatic gradients reflecting limiting factors for species

distributions (Gardner et al., 2019).
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3.2.2.2.3 Soil Properties

We obtained data from SOILGRID, which provides modeled predictions of soil properties as raster
files with a resolution of 250 m (Poggio et al., 2021; Turek et al., 2023). We retrieved data for bulk
density, cation exchange capacity, pH, soil organic carbon, total nitrogen, organic carbon
concentration, soil texture and volumetric water content at 10 kPa and 33 kPa suction in 10
3em? em™ (1 mm m™) to evaluate soil water availability (Gardner et al., 2019). For each sample,
we obtained means by averaging values over the six reported depths (0-5cm, 5-15cm,

15-30cm, 30 - 60 cm, 60 - 100 cm and 100 - 200 cm, Table 3.4).

3.2.2.2.4 Topography

Slope, aspect, the Terrain Ruggedness Index (TRI), and Roughness were calculated from the high-
resolution Shuttle Radar Topography Mission DEM (SRTM, Farr et al., 2007) that was interpolated
to a resolution of 10 m x 10 m and void filled with CGIAR-CSI SRTM ver.4.1 (Riley et al., 1999;
Fuchs et al., 2017; Macek et al., 2019; Moudry et al., 2019). We converted aspect values to
“eastness” and “southness” to avoid having circular values and calculated folded aspect
(Ar= 180 - | aspect -225 |) to estimate heat load per sample according to McCune & Keon (2002,
Feilhauer & Schmidtlein, 2009, Table 3.3).

Table 3.3: Formula to estimate heat load (McCune & Keon, 2002).

ZZZ; = 0.339 + cos(L) - cos(S) — 0.196 - sin(L) - sin(S) — sin(§) — 0.482 - cos(Af) -sin(S. [2]
Where

L = Latitude

Afr = Folded azimuth

S = Slope[°]

Fine-scale topography was derived from a very high resolution (5 m) DEM based on a 2018 light
detection and ranging (LiDAR) flight campaign covering 58% of the total country area (Figure
3.2). Fine-scale topographic conditions affect the variability of available light, temperature, and
soil properties which influence local species distribution patterns (Beatty, 1984; Moeslund et al.,
2013; Fazlollahi Mohammadi et al., 2022; Woods & Ortmann, 2024). To account for fine-scale
topographic heterogeneity, we calculated the Topographic Position Index (TPI), and classified
terrain forms using the R.GEOMORPHON algorithm (GRASS Development Team, 2022) described
by Stepinski & Jasiewicz (2011) which classifies topographic structures according to
geomorphologic phenotypes (Jasiewicz & Stepinski, 2013; Gioia et al., 2021) from the LiDAR
data. We created geomorphons with an outer radius around the sample plot center of 25 m and
40 m each with 5m as inner radius, and 5° and 0° as flatness threshold values, respectively
(GRASS Development Team, 2022). Assigned pixel class numbers were averaged per sample to
obtain continuous values. To quantify sample position relative to slope, we calculated
“standardized height”, “slope height”, “normalized height”, “valley depth” and “mid slope
position” using the SAGA algorithm RELATIVE HEIGHT AND SLOPE POSITION (Conrad et al., 2015)

with default parameters. The algorithm follows an iterative approach to compute terrain indices
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based on the vertical distance above the terrain minima and standardized relief-positions, with
refinement according to terrain-based watershed effects (Bohner & Selige, 2006). To reduce the

influence of outliers, median values were derived for each sample.

3.2.2.2.5 Spatial Position and Anthropogenic Influence

Recorded GPS coordinates and elevation [m a.s.l.] obtained from the SRTM DEM represent spatial
positions of samples. We quantified relative isolation as median of all spatial distances obtained
from a pairwise spatial distance matrix (Table 3.4). Distances to sources of anthropogenic influence
(roads and settlements) were calculated based on OSM vector files of the road network (primary,
secondary and tertiary), buildings and places within the country. Roads were buffered with a
distance of 10 m, 8 m, and 4 m, respectively, while buildings were buffered by 100 m. We merged
polygons to a binary raster layer (5 m) indicating anthropogenic land-use and calculated overall
distances as continuous buffer via the SAGA proximity raster algorithm (Conrad et al., 2015).
Using the 'r.cost' algorithm (GRASS Development Team, 2022), we computed cost values based
on a reclassified slope raster representing friction costs as geometric sequence with a common ratio
of2(0°=1,1-5°=2,6-10°=4, 11-20° = §, 21-30° = 16, 31-40° = 32, 41-45° = 64, >45° = ‘not
accessible’). Using the ‘zonal statistics’ algorithm we queried median values for all sample areas.
To quantify spatial gradients of human influence (Sanderson et al., 2022) on a broader scale, we
queried the human footprint raster data (third generation, 300 m resolution) provided by the

Wildlife Conservation Society (WCS, https://weshumanfootprint.org/data-access) per sample.

97


https://wcshumanfootprint.org/data-access

Chapter 3.2

Table 3.4: List of variables considered as predictors.

Group Variable Brief Description Range Unit Reference
BIOO1 Annual mean temp. -0.28 - 15.38 °C
BIO02 Mean monthly diurnal range 4.77-10.97 °C *
i *
BIOO4 Temp. seasonality (St. Dev. of the monthly mean 17.88 - 33.99 oc
temp.)
BIO0S Maximum daily temp. of the warmest month 17.69 —33.98 °C
o BIO06 Minimum daily temp. in coldest month -4.59 - 12.07 °C
= . .37 - 17. °C
= BIOOS Mean temp. of W?ttest quarter 0.37 - 17.64 (Vanuytrecht et
g BIO09 Mean temp. of driest quarter -8.86 - 17.91 °C al., 2021)
O BIO12 Annual mean precipitation 384.79 - 2617.71 mm 2
BIO14 Minimum mean precipitation of driest month 5.92 -81.74 mm
. . o
BIO1S PreC}p}tat}On seasonality (CV% of monthly 34.14 — 63.65 % *
precipitation)
BIO16 Mean precipitation in wettest quarter 156.98 — 930.82 mm/month
BIOI18 Mean precipitation in warmest quarter 40.15-777.79 mm/month *
pot_eva Potential evaporation annual mean 55.72-90.69.5 mm/month *
tri SRTM based Topographic ruggedness index 0.04 —26.91 dimI:x(:;;mal (Rlllegy 9;3 al,
. . . . . Non- %
tpi LiDAR based Topographic position index -0.43 - 0.57 dimer?snional (Wilson et al.,
rough SRTM based Roughness index 0.03 - 26.85 dimf:;;nal 2007)
LiDAR based Geomorphon terrain form (mean):
s e 1o wows N
flatness thréshold' 0 (Jasiewicz &
LiDAR based Geomorphon terrain form (mean): Stepinski, &
outer radius: 40 m Non- 2013)
240005 . . 1.0-9.0 . :
inner radius: 5 m dimensional
:E flatness threshold: 0
*
g slp SRTM based slope 0.1-55.7 o (Fuchs et al,
&h 2017)
8.4 asp SRTM based aspect 0 -360 °
ﬁ f asp_hl Folded aspect heat load 0.18 -179.93 dimtl:sr;;mal *
: Non- *
dir Heat load 1.35-2.64 dimensional (McCune &
eastness Eastward orientation -1-1 dimtl:sr;;mal Keon, 2002) *
southness Southward orientation -1-1 dimI:r(l):i:)nal
std H LiDAR based Standardized height 12.89 —2122.68 dimtl:;;nal
slp H LiDAR based Slope height 0.54 - 589.51 m
. . . Non- (Conrad et al., %
norm_H LiDAR based Normalized height 0-1 dimensional 2015)
v_depth LiDAR based Valley depth 0.52-599.79 m *
mid_slp LiDAR based Mid slope position 0-1 dimfr?;:)nal
bd_mean Mean bulk density 0.99-1.52 kg dm™
cec_mean Mean cation exchange capacity 11.9-36.6 cmol” kg! *
soc_mean Mean soil organic matter content 141.2-785.0 %o (g kg ")
*
phh2(r)‘7mea Mean pH-value in H2O solution 48-75 pH
sand_mean  Mean sand content 5.9-45.6 g 100 g (%) (Poggio et al.,
% silt_mean Mean silt content 29.8-47.9 2100 g (%) 2021) i
n clay_mean Mean clay content 15.9-57.7 2100 g (%) *
nitro_mean Mean of total nitrogen 1.59-5.99 gkg!
1 1 3 -3
cfvo mean Mean of volumetric fraction of coarse fragments 718 _26.4 cm 10(o)cm *
— (>2 mm) (vol%)
socs_0_30 Organic carbon stocks (mean, 0 — 30 cm) 42.0-115.0 kg m? *
wv0033 Mean volumetric soil water retention at 330 cm 267.03 —379.33 107 em® em (Turek et al., *
wv0010 Mean volumetric soil water retention at 100 cm 346.0 —439.17 107 cm? em™ 2023) *
*
ele SRTM based Elevation 0.97 - 2449.4 m (Fuchs et al.,
2017)
X Easting (UTM 38N) 213812 - 642200 m *
= v Northing (UTM 38N) 45526000— 478300 n MEPA, 2018
§ med.xy Normalized pairwise distance 0-1 dimT:r?;:mal *
w2
: Non- (Sanderson et *
h_imp_med  Human Impact Index 124 -3999 dimensional al., 2022)
prox Proximity to urban infrastructure 0-7156 m OSM
costs SRTM based Cumulative costs 0-6387.7 di Non- I *
1mensional
Notes:

Resolutions ranged from 5 m to 1224 m. Retained variables are marked by “*’.

St. Dev. = Standard deviation; temp. = temperature (°C).
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3.2.3 Cluster Analysis

As hierarchical cluster structures of species assemblages resembles the literature's depiction of
nested forest community structures (Dolukhanov, 2010; Nakhutsrishvili, 2013; Costanza et al.,
2018; Nakhutsrishvili et al., 2023), we discriminated samples in a hierarchical cluster analysis
using isometric partitioning (ISOPAM) (Schmidtlein et al., 2010). We applied an extension to the
original source code of the ISOPAM algorithm to support dA as dissimilarity index (Wellenbeck et
al., 2024). Results of the ISOPAM cluster analyses are reported with metrics quantifying cluster
homogeneity (G) and its’ standardization across partitions (global.Gs) and the isomap.k parameter,
which determines the number of nearest neighbors used in dimensionality reduction. The phi
coefficient of species fidelity quantifies the strength of association between species and clusters
(Chytry et al., 2002; Cabido et al., 2018). We calculated the standardized effect size of Mean
Pairwise Distance (SESwmpp) to quantify phylogenetic dispersion within the resulting clusters

(Webb et al., 2006; Swenson, 2011a).

3.2.4 Reduction and Decorrelation

By applying PCA to each variable group independently, we reduced multicollinearity and created
composite predictors (PCs) as thematic explanatory variables. By means of orthogonal
transformation, each successive PC captures more inherent variation of the dataset, resulting in a
hierarchy of cumulative variance explained (Cruz-Cardenas et al., 2014). Prior to PCA, we applied
forward selection per variable group using pairwise Spearman correlations as these are robust to
nonlinear relationships and outliers (Tucker et al., 2017, supplement 1). From each variable pair
with a correlation coefficient |R| = 0.8, one variable was rejected to reduce redundancy (Guisan
& Thuiller, 2005; Chytry et al., 2016; Kavgaci et al., 2023). Table 3.4 provides an overview of

considered and retained variables for modeling.

3.2.5 Random Forest Modeling

RF models are flexible and perform well with complex datasets (Breiman, 2001; Genuer & Poggi,
2020) to provide robust classification of data based on an ensemble of decision trees built on
randomly selected subsets, with final predictions determined by majority voting (Cutler et al.,
2007; Waldock et al., 2022; Soley-Guardia et al., 2024; Gilbert et al., 2024). We predicted species
assemblage membership within each sample group via RF with variable group PCs as predictors.
Stratified classification was applied to ensure proportional cluster representation in bootstrap
samples, with default parameters maintained for the number of trees and predictors per split
(Breiman, 2001). Out-of-Bag (OOB) error metrics were used to evaluate model performance and
variable importance was quantified via the Mean Decrease in Gini index (MDG, Breiman, 2001;
Afanador et al., 2016; Genuer & Poggi, 2020). Based on MDG, we selected the four most
influential PCs from each variable group as explanatory variables for a combined RF classification

model. Missing data were imputed using 999 imputations for 99, 96, and 150 values for
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undisturbed, disturbed, and disturbed with neophytes, respectively (Doove et al., 2014). The higher
number of imputations for the latter reflects the concentration of these samples outside the LiDAR-
based DEM (Figure 3.2). 15 RF models were applied in total, first identifying key PCs for each
variable group individually and then combining four key PCs from all variable groups to model

species assemblage membership for each sample group separately.

3.2.6 Weighted Variable Importance

To evaluate the contribution of variables to the most predictive PCs in the combined RF model, we
quantified variable importance as the cumulative sum of MDG weighted by the corresponding PC
loading values (eigenvectors) which accounts for each variable's predictive power in the model by
incorporating its absolute contribution to each PC - a common method in Partial Least Squares
Regression analysis (Table 3.5).

Table 3.5: Formula to derive weighted variable importance of principal components.
n

Weighted Variable Importance ~ W; = Z(|Li i| - Gini)) [3]
j=1
With
Wi Weighted variable importance for the j™ principal component

L; Loadings of the i variable in each principal component
|LL- }-| = Absolute value of the loading for variable 7 on the j™ principal component
Ginij Variable importance of the j principal component

3.2.7 Analytical Environment and Software

The analytical workflow was implemented using established geospatial and statistical platforms
throughout all stages of data preparation and modeling. Raster data was processed in the QGIS
3.34.8 environment using GRASS GIS 8.2 and SAGA 9.4.1 (QGIS Development Team, 2009;
Conrad et al., 2015; GRASS Development Team, 2022). We used the R Base ver. 4.2.3
implemented in R Studio ver. 2024.09.0 for data analysis (RStudio Team, 2024; R Core Team,
2024). The phylogenetic tree was constructed using the R package V.PHYLOMAKER?2 (Jin & Qian,
2019, 2022), PICANTE to derive SESwmpp values (Kembel et al., 2010) and cluster analysis was
performed using ISOPAM v. 2.0 (Schmidtlein et al., 2024). PCAs were conducted using the R
package VEGAN (Oksanen, 2020) and RF modeling was based on the package RANDOMFOREST
(Liaw & Wiener, 2002). We imputed missing values using the MICE R package (Buuren &
Groothuis-Oudshoorn, 2011).

3.3 Results

The analyzed GNFI data (m = 1267) consists of 21,303 recorded trees belonging to 96 species of
56 genera and 30 families. Figure 3.3 shows the constructed phylogenetic hierarchy for all recorded

taxa.
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Figure 3.3: Phylogenic tree of 96 species listed in the subsample (m = 1267) of the National
Forest Inventory data of Georgia. Interspecies phylogenetic distances were normalized inside a
square matrix of pairwise distance values so that 0 < dist,, < 1. Species names on the x-axis are
abbreviated according to the Cornell Ecology Programs naming convention, using the first four
letters of the genus and species name (e.g., Abies nordmanniana = Abienord). For original
branch lengths see supplement 2.

The data subsets according to disturbance contained 8,557 tree records of 61 species, spanning 22
genera and 18 families in disturbed samples, whereas disturbed samples with neophytes included
2,439 trees from 75 species, covering 50 genera and 26 families. Undisturbed samples consisted of

10,307 trees representing 58 species, 31 genera, and 18 families.

3.3.1 Hierarchical Clustering of Species Assemblages

The cluster analysis of undisturbed samples (mungis = 535) partitioned twelve clusters across four
hierarchical levels, whereas clustering of disturbed (mgs=535) and disturbed samples with
neophytes (mneo = 197) identified six and five clusters at two hierarchical levels, respectively.
Synoptic tables of the resulting clusters with indicator species frequencies are provided in
supplement 3. Whereas all three hierarchical cluster structures depart on three main groups on level
I, showing varying levels of coherence, undisturbed samples exhibit the most complex
configuration spanning four levels, with broad isomap.k values (100 for partition 3), 55 significant
indicator species (= threshold G, with p < 0.05), and a generally higher mean standardized G score
(global.Gs: 3.9+£2.96 across seven partitions). High species-cluster associations are indicated by a
mean phi-value of 0.11£0.28 (n = 37). In contrast, the clusters hierarchies of disturbed samples are
organized in a simpler 2-level structure with maximum isomap.k values of 92 (second partition)
and 18 (third partition) for disturbed and disturbed samples with neophytes, respectively. Fewer
significant indicator species can be identified for disturbed (32) and disturbed with neophytes (25),
with mean standardized G scores of 5.144.07 and 1.3£1.01, respectively. Mean phi-values of
significant indicator species are -0.01£0.20 (n = 29) for disturbed samples and 0.07+0.27 (n = 24)
for disturbed samples with neophytes. The mean number of species per cluster (n = 5) was highest

for disturbed samples with neophytes (35.0+13.95), intermediate for disturbed samples (24.5+7.79,
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n=06), and lowest for undisturbed samples (19.548.21, n=12). SESmep was highest for
undisturbed clusters with -0.16£1.10 (-0.33+£0.98 and -0.48+0.73 for disturbed and disturbed
samples with neophytes, respectively). As assigned clusters represent homogeneous species
assemblages, we evaluated the resulting groups based on BA distributions (>10%) and labeled

them according to BA dominance (Figure 3.4).
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Undisturbed samples O Disturbed samples [ ] Disturbed samples with neophytes /\
© A. glutinosa subsp. barbata and C. betulus B A. nordmanni P. orientalis and F. orientalis A A. glti subsp. barbata and A. cordata
© A. nord) iana and P. orientali: B F. orientalis, C. betulus and C. sativa A Carpinus spp. and C. sativa
© A. nord, iana, F. lis and P. Ui O P. orientalis and P. sylvestris var. hamata A Populus nigra and G. triacanthos
© Betula spp., S. acuparia L and A. heldreichii subsp. i B P, lis, F. lis and C. betulus AR
© C. betulus and T. rubra subsp. caucasica O Q. petrea subsp. iberica and C. betulus 4 R pseudoacacia, A. glutinosa subsp. barbata and
© C. sativa, C. betulus and Prunus laurocerasus O Q. petrea subsp. iberica and C. orientalis C. avellana

© F. orientalis and C. betulus

® P. orientalis and F. orientalis Il Forest Cover

© P. sylvestris var. hamata and P. orientalis

© Q. petrea subsp. iberica and C. betulus

O Q. petrea subsp. iberica and C. orientalis

O Q. petrea subsp. iberica, Carpinus spp. and A. campestre

Figure 3.4: Locations of clustered species assemblages per sample group (m = 1267). Clusters
are labeled according to basal area share per species (210%,). Green-shaded areas indicate the
distribution of forests in Georgia (Griesbach, 2018) for reference.

Whereas discriminated species assemblages on level II showed some similarity for undisturbed

and disturbed samples (Figure 3.4), clustered species assemblages from disturbed samples with
neophytes were not ecologically meaningful as the resulting groups were highly heterogeneous in

species BA and lacked a distinct ecological structure (supplement 4a and 4b).

3.3.2 Modeling of Species Assemblages

As aresult of forward selection, we excluded BIOO01, BIO05, BIO06, BIO12, BIO14, BIO16 from
the climate, bd _mean, nitro_mean, sand mean, soc_mean from the soil, asp, g15010, mid_slp,
slp_H, std_H, rough, tri from the topography, and prox from the spatial dataset (supplement 5).
Consequently, PCAs were computed using seven climate, eight soil, nine topographic, and six

spatial variables.
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Figure 3.5: Percentage of explained variance per principal component per variable group.

The first two PCs derived from the climate variables (m = 4452) represent 70.4% of the variance,
and the first four PCs together explain 93.6% (Figure 3.5). For soil variables (m = 4446), the first
two PCs capture 51.9% of the cumulative variance and 78.1% of the variance is explained by the
first four PCs. The first two PCs of the topographic variables (m = 3427) explain 54.4% of the
variance, increasing to 79.1% with the first four PCs. 66.9% of variance is explained by the first
two PCs of the spatial variables and 88.4% of the first four PCs. Modeling assemblage membership
of undisturbed samples using the climate, soil, and spatial variable groups yielded OOB errors
below 47%, whereas the OOB error for the topography variable group was 53.5% (Table 3.6).

Table 3.6: Out-of-Bag error estimates for Random Forest classification of species assemblage
membership.

Undisturbed Disturbed Disturbed with Neophytes
(n=12) (n=06) (n=5)

Variable 00B PCs as 00B PCs as 00B PCs as
group (%) Predictors* (%) Predictors* (%) Predictors*
Climate 45.8 1,2,3,6 34.6 1,2,3,5 57.4 1,2,3,7
Soil 46.7 1,2,6,8 34.6 1,2,4,6 55.6 1,2,4,7
Topography 53.5 4,5,6,7 42.7 1,2,4,5 48.9 2,5,7,9
Spatial 44.9 1,2,3,4 34.8 1,3,5,6 54.8 2,3,4,6
Mean OOB (%) 47.7+£3.92 36.7+4.02 54.2+3.68

*Selected according to ranking of variable importance based on Mean Decrease Gini.
For predicting assemblage membership of disturbed samples, the lowest OOB error was recorded
for the soil and climate variable groups, both at 34.6%. In contrast, for disturbed samples with
neophytes, the topography variable group yielded the lowest OOB error at 48.9%. Based on the
respective MDG per PC we identified the four most important PCs for a combined RF classification

model. The combined RF classification model resulted in total OOBs of 46.4%, 32.5% and 54.3%
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for undisturbed, disturbed and disturbed samples with neophytes (supplement 6). Based on the
combined RF model, we calculated individual variable contributions by weighting the cumulative

sums of MDG with their corresponding PC loading values (Figure 3.6). Variable importance was

generally highest in undisturbed samples and lowest for disturbed samples with neophytes.
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values (>45) were observed for the south—north gradient (Y), elevation (ele), and precipitation
during the warmest quarter (BIO18). Soil organic carbon stocks in the top 30 cm (socs_0 30) and
mean pH (phh20 mean) also showed importance values exceeding 30. For disturbed samples,
variables with importance values >30 included mean temperature of the wettest quarter (BIO0S),
annual mean potential evaporation (pot_eva), the south—north gradient (Y), precipitation during the
warmest quarter (BIO18), median pairwise spatial distance (med.xy), and mean pH (phh20_mean).
For disturbed samples with neophytes, variable importance values >15 were only recorded for the
median pairwise spatial distance (med.xy), the west-east gradient (X), mean temperature of the
driest quarter (BIO09), elevation (ele), and the standard deviation of monthly mean temperature
(BIO04). Additionally, volumetric water content (wv0010 mean, wv0033 mean) received high

variable importance values, whereas topographic variables consistently ranked lowest across all

sample groups (Figure 3.6).
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3.4 Discussion

We used Random Forest to predict cluster membership in disturbance-stratified sample groups,
based on species assemblages derived from phylogenetically informed isometric partitioning.
Classification based on site-specific environmental variables performed generally well, with model
accuracies varying across variable and sample groups. Combining the four most important PCs
from each variable group as predictors moderately improved overall model accuracy, resulting in
OOB errors of 46.4%, 32.5%, and 54.3% for undisturbed, disturbed, and disturbed samples with
neophytes, respectively. These results confirm our first research question on whether phylogenetic
signals in species compositions reflect environmental gradients, in line with other studies (Qian et
al., 2013; Qian & Sandel, 2017; Zhou et al., 2021; Shi et al., 2021). Affirming our second research
question, model accuracy was highest for undisturbed samples and lowest for samples with
neophytes, if class cardinality is considered. As higher disturbance levels reduce the complexity of
the resulting cluster hierarchies, predictable assembly patterns are obscured. This is supported by
weakened phylogenetic divergence (SESwmpp), lower species-cluster associations (phi-values) and
reduced cluster coherence (higher global G scores). The effects of disturbance in our subsample
appear stochastic in type and severity but impede meaningful ecological discrimination beyond six
clusters, despite being based on the same number of observations as the undisturbed subsample
(m = 535). Disturbances reduce tree density, favor dominance by fewer species, or filter for
genetically similar species, and lead to a homogenization of compositional characteristics (Winter
et al., 2009; Thompson et al., 2013; Aguirre-Gutiérrez et al., 2020; Gioria et al., 2023; Diniz et al.,
2024). Evaluating the explanatory power of environmental variables demonstrates the different
distributions of species assemblages per sample groups along environmental gradients (Figure 3.6).
The importance of the climate, spatial, and soil variable groups was generally higher than
topographic variables for all sample groups. The south-north gradient (Y) is an important predictor
for disturbed and undisturbed samples, likely reflecting its alignment with the elevational gradient
and the evolutionary divergence in the biogeographic histories of the Greater and Lesser Caucasus,
characterized by distinct geological and climatic influences (Tarkhnishvili, 2014). While the
Greater Caucasus experienced extensive glaciation during the last ice ages, the Lesser Caucasus
had a higher snow-line, situated between 2,200 and 2,300 m a.s.l., resulting in less extensive
glaciation (Khazaradze et al., 2018). Among the climate variables, precipitation during the warmest
quarter (BIO18), mean temperature of the wettest quarter (BIO08), and annual mean potential
evaporation (pot_eva) rank highest for undisturbed and disturbed samples, emphasizing the role of
seasonal water balance and climatic extremes during the growing season in shaping woody species
assemblages (Gardner et al., 2019). The high ranks of soil pH (phh20_mean) and soil organic

carbon stocks (socs_0_30) underline filtering effects of soil edaphic variations (Marage & Gégout,
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2009; Walthert & Meier, 2017). These edaphic patterns likely reflect elevational changes in parent
material and organic matter turnover. Additionally, the consistently high importance of volumetric
water retention (wv0010_mean and wv0033_mean) across all sample groups highlights the critical
influence of water availability gradients in structuring forest species assemblages (Maia et al.,
2020). These findings highlight that soil water content variables are critical physiological factors
shaping species assemblage distributions, supporting Gardner et al. (2019) who argue that soil
moisture is a crucial yet often underrepresented proximal determinant in plant species distribution
modeling. The importance of median pairwise spatial distance as a predictor for both disturbed
groups suggests a non-stochastic distribution along the respective gradient. In particular, disturbed
samples with neophytes cluster in the western part of the country (Figure 3.4), which may reflect
spatial connectivity of disturbance events -whether biotic or abiotic. However, the comparably low
prediction accuracy and relatively low variable importance for disturbed samples with neophytes
suggest that species assembly is shaped primarily by other factors, most likely related to
anthropogenic influences, i.e., land-use, introduction pathways or management legacies (Emerson
& Gillespie, 2008). Topographic variables consistently show low predictive importance, with
relative contributions below 30% across all sample groups. Since fine-scale topography creates
complex mosaics of microhabitats that often exceed the scope of standard observation plot sizes,
the selected topographic variables may not have sufficiently captured related gradients. While these
environmental predictors are likely relevant in other mountainous forested regions, their influence
may vary depending on disturbance regimes, regional species composition, and biogeographic
context.

Interspecies dissimilarity can be inflated by deep phylogenetic divergence — notably in
gymnosperm—angiosperm mixtures such as F. orientalis with A. nordmanniana or P. orientalis —
yet our clustering approach remained effective in distinguishing assemblages (Padullés Cubino et
al., 2021; Staab et al., 2021). However, accounting for this systematic bias through separate
modeling or statistical adjustment could refine future outcomes.

Community assembly is shaped by dynamic processes across temporal scales as forest
communities evolve through succession, environmental changes and responses to natural and
anthropogenic disturbances (Gerhold et al., 2015; Davies, 2021). In this context, systematic forest
inventories based on permanent sample plots provide a valuable framework for monitoring
compositional shifts in community structure over time. In combination with phylogenetic
information such inventories offer a pragmatic approach to approximate species assembly patterns
in cases where comprehensive floristic inventories are not feasible due to time or resource
constraints. However, as forest inventories are primarily optimized for statistically robust estimates
of timber volumes, they are constrained by sampling designs, plot configurations, and repetition
cycles (Lin et al., 2020; Portier et al., 2022). Minimum DBH-thresholds (e.g., 8 cm, 15 ¢cm and

30 cm based on nested plot radii in Georgia) significantly contribute to omission of species with
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smaller diameters at plot level (McRoberts et al., 2009; Lin et al., 2020). In addition, bias in
identification towards commercial tree species has been reported and accuracy generally depends
on the botanical expertise of the field personnel (Lam & Kleinn, 2008). However, standardized
protocols for species identification — potentially supported by Al-based biodiversity identification
tools or laboratory methods such as DNA barcoding — offer pathways to harmonize assessments
with other classification systems, i.e., complete floristic inventories or iBOL projects. Differences
in sampling design and abundance estimates between woody species and understory vegetation
preclude the integration of lower forest strata, reducing the capacity to detect understory-driven
niche signals that contribute to finer-scale differentiation of species assemblage characteristics and
environmental positioning. However, integrating understory and herbaceous layers would optimize
the characterization of community composition and align with established phytosociological
classification systems (Dolukhanov, 2010; Nakhutsrishvili, 2013; Nakhutsrishvili et al., 2023).
Including important diagnostic species from these strata is likely to enhance the ecological
resolution of species assemblages and improve the detection of fine-scale, gradient-dependent
patterns in community composition. While our study relied on phylogenetic dissimilarity, the
applied metric is equally compatible with taxonomic or trait-based variation (Hao et al., 2021).
Indeed, Cadotte et al. (2013, 2017) suggest that combining PD and FD improves the detection of
assembly patterns along environmental gradients.

The patterns of community distribution along environmental gradients identified in this
study are empirically derived but consistent with ecophylogenetic theory. They support the view
that community assembly is shaped by processes such as environmental filtering and niche
conservatism (Cavender-Bares & Wilczek, 2003). Our findings confirm that phylogenetic
dissimilarity in woody species assemblages reflects environmental filtering, making phylogenetic
variability a useful proxy for ecological differentiation. Without a theoretical framework linking
phylogenetic structure to assembly processes, these patterns would remain largely descriptive and
offer limited insight into underlying ecological mechanisms. At the same time, we demonstrate
that disturbance-induced shifts are also reflected in the phylogenetic structure of communities
(Webb et al., 2002; Davies, 2021). This is evident in the stronger phylogenetic signal and higher
classification accuracy found in undisturbed samples, where environmental filtering appears to
dominate, compared to more stochastic assemblage patterns in disturbed samples and those
containing neophytes. Although our approach cannot fully resolve the specific variables driving
community separation, it demonstrates the relevance of scale-dependent assembly rules. Predictive
accuracy and phylogenetic distinctiveness vary with disturbance levels, in line with theoretical
models of limiting similarity and environmental filtering across spatial scales (Cavender-Bares &
Wilczek, 2003; Kraft et al., 2015).

While our results are specific to species composition and disturbance regimes of our study

area, the methodological approach is applicable across temperate forest ecosystems. Although

107



Chapter 3.4

species-specific patterns require regional calibration, the underlying framework is transferable
across temperate forest ecosystems with relatively intact or naturally structured species
compositions. While we relied on readily available and easily derived EO-based variables as
predictors, the framework supports flexible integration of additional predictors tailored to regional
conditions or management objectives. With appropriate calibration, the proposed framework may
serve as a tool for modeling potential natural vegetation, especially in contexts where
phylogenetically informed assemblages offer insights into long-term ecological stability under
specific environmental conditions. Since current species assemblages reflect not only
contemporary environmental conditions but also historical ecological processes and legacy effects,
future studies could refine this approach by incorporating dendrochronological analyses, historical
climate reconstructions, or time-series EO data to better capture how past environmental variability
shapes present-day species assemblages. While beyond the scope of this study, optical EO data
capturing phenological or structural traits aligned with phylogenetic structure could potentially
improve model-based prediction of species assemblages. Another relevant direction is to assess to
which extent the identified species assemblages align with functional groups of similar
characteristics relevant to forestry, such as growth dynamics, biomass distribution, or stand
structure. Such insights could inform assemblage-based guidelines for sustainable forest
management that integrate ecological traits, site conditions, and phylogenetic dynamics in shaping
community structure.

The increasing availability of systematic forest inventory data worldwide offers an efficient
framework to monitor woody species assemblages as part of forest biodiversity. Our study
demonstrates that organizing species assemblages by composition and phylogenetic structure
reveals consistent community distribution patterns along environmental gradients. Advancements
in DNA sequencing, modeling, and ecological data processing increasingly support
phylogenetically informed habitat prediction, improving our understanding of how evolutionary
history shapes species assembly across ecological niches (Padullés Cubino et al., 2021). By
integrating the phylogenetic dimension of community assembly mechanisms into classification
systems, conservation and forest managers can monitor genetic diversity and its distribution across
space and time. This approach not only supports biodiversity conservation but also strengthens
strategies for sustainable forest management by linking species composition to ecosystem stability
and resilience. Integrating phylogenetic insights into classification approaches allows forest
management to move beyond simplistic species-based strategies to more dynamic, ecosystem-
based approaches that balance ecological integrity with long-term productivity and sustainable use

of forest resources.
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3.5 Conclusions

Our study demonstrates that incorporating phylogenetic variability into species assemblage
classification provides a robust framework for understanding forest community structure and its
relationship to environmental gradients. Phylogenetically informed classification, based on
multivariate EO data, aligns well with environmental gradients, especially under low-disturbance
scenarios. The decline in prediction accuracy with increasing disturbance reflects the
homogenizing effects of disturbance on species composition, which leads to less coherent
community structures. These findings emphasize the potential of ecophylogenetics to link woody
species assemblages more clearly to environmental conditions and improve forest community
classification. This approach can support more targeted conservation strategies, strengthen

sustainable forest management, and inform adaptive practices.
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4 Structural Variation in Phylogenetically Informed
Forest Classifications

Article III complements the classification and modeling efforts of the first two publications
(Wellenbeck et al., 2024; Wellenbeck et al., 2025) by examining how forest structural diversity
varies between phylogenetically informed classifications along a field-assigned degradation
severity gradient. It directly addresses the third objective of the thesis by evaluating whether the
PD-based classification retains structural coherence under increasing degradation (Chapter 1.7).
By comparing changes in structural indicator values across degradation severities and forest
formations, the study captures structural responses to degradation severity in a quantitative and
ecologically interpretable manner. In addition, this approach allows to evaluate whether all field-
assigned “degradation” classes consistently reflect degradation, or whether lower severity rather
represent disturbance, because of structural resilience.

I carried out the full data analysis, including filtering and stratifying the GNFI dataset,
calculating structural indicators, and performing statistical tests in R. Using the ISOPAM
classification derived in Publication II based on m = 3,466 samples, I imported the resulting
hierarchy in Power BI (and characterized clusters based on basal area (BA) dominance (Chapter
1.6). To simplify interpretation, I cut the cluster hierarchy and labeled the resulting groups as
“forest formations” (Chapter 4.3.1). Subsequently, I assigned monospecific samples manually to
forest formations based on BA dominance, increasing the number of grouped samples (m = 4,168).
From the GNFI field dataset, I derived structural diversity indicators in Power BI, including tree
and regeneration density, basal area per sample, canopy cover, vertical and horizontal distribution
of BA, volume increment, and the proportion of deadwood (Chapter 4.2.3.2). I classified each
sample according to degradation severity according to the maximum field-assigned degradation
severity, ranging from undisturbed to heavily degraded. Subsequently, I migrated the prepared data
tables to the R working environment. For each forest formation, I calculated A-values as absolute
difference of indicator means in relation to undisturbed sample means (including relative change).
Based on the distribution of indicator means across degradation severity classes and forest
formation, I applied the appropriate statistical test (Welch’s t-test or Kruskal-Wallis test) to check
for statistical significance (Kruskal & Wallis, 1952). I combined boxplots, including jitter, to
visualize the distributions of indicator means and A values as bar charts per degradation severity
class for each forest formation (Figure 4.4 — Figure 4.7). I created all visualizations using ggplot2
and annotated significances according pairwise comparisons of severity classes (Wickham, 2016).
To optimize visualizations, I used INKSCAPE to edit vector-based graphics outside of R (Yuan et
al., 2016). Together with the co-authors, I interpreted the results and the ecological implications of
the observed trends. I drafted the manuscript, addressed co-author feedback, and led the article’s

submission process.
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The results show distinct structural responses between phylogenetically-informed clusters
(forest formations) and extend the ecophylogenetic framework by suggesting that phylogenetic
clustering reflects not only compositional but also structural responses to degradation. While some
forest formations showed signs of resilience under low degradation severity and maintained
structural complexity even under moderate disturbance, others showed marked structural decline
with increasing degradation severity. This heterogeneity suggests that PD-based clustering
captures meaningful variation in structural response to degradation. In addition, the results provide
an empirical foundation to differentiate between disturbance and degradation. However,
quantifying threshold values (i.e., A-values) that mark negative shifts in successional trajectories
to distinguish disturbance from degradation requires further research. This includes defining
undisturbed reference values and developing combined indicator approaches.

Whereas Publications I and II focused on classification and predictive modeling, the
present study evaluates the ecological relevance of phylogenetically informed clustering in terms
of structural diversity It affirms that the developed approach yields not only compositional
groupings, but also reflects functional and structural coherence with implications for ecosystem
stability. This is highly valuable for developing forest-type-specific, ecosystem-based forest

management guidelines.

118



Structural Variation in Phylogenetically Informed Forest Classifications

Stand structural change along a degradation gradient in the National

Forest Inventory of Georgia

Abstract

Distinguishing between forest disturbance and degradation is essential for sustainable forest
management, and policy formulation as these processes entail different strategies for management
based on forest formation-specific resilience thresholds. In this study, we apply a data-driven
approach to Georgia’s first National Forest Inventory to quantify structural changes along a
gradient of field-assigned degradation severity. Using unsupervised, phylogenetically informed
clustering we grouped sample plots into similar forest formations and evaluated changes in mean
values of key structural indicators—stocking, stand structure, and growth—across severity levels.
Our findings show that structural responses are formation-specific and generally non-linear: low
severity often reflects resilience or compensation, while moderate and high severity are associated
with characteristic patterns of structural decline. Our results highlight the utility of structural
metrics in distinguishing disturbance from degradation and underscores the importance of
incorporating forest type-specific thresholds into monitoring systems. Based on national forest
inventory data, this approach provides a scalable basis for diagnostic monitoring and supports the

development of targeted, formation-sensitive forest policy and management planning.

Submitted manuscript:

Wellenbeck, A., Dzadzamia, L., Feldmann, E., Dréssler, L., Misof, B., Janiashvili, Z., Hein, N.,
Stand structural change along a degradation gradient in the National Forest Inventory of
Georgia, submitted to European Journal of Forest Research on 06.07.2025 (under review).
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4.1 Introduction

Situated between the Greater and Lesser Caucasus, with the Black Sea to the west and the semi-
arid Transcaucasian steppes to the east, the forests of Georgia (Sakartvelo) cover roughly 2.3
Mio. ha (MEPA, 2023) and span a wide range of climatic zones despite the country’s relatively
small size (60,700 km?). The predominantly mountainous country is recognized for its ecological
diversity and forms part of the globally significant Caucasus Biodiversity Hotspot (Myers et al.,
2000; Mittermeier et al., 2011). According to the most recent assessments, forests cover
approximately 43% of the country’s land area (Griesbach, 2018; MEPA, 2023). The combination
of topographic complexity and climatic gradients in Georgia has given rise to diverse forest
habitats, characterized by distinct ecological conditions and high shares of regional endemism
(Zimina, 1978; Akhalkatsi et al., 2014; Mumladze et al., 2019; Nakhutsrishvili et al., 2023).
Georgia’s forests are distinguished by the presence of unique and uncommon woody species
admixtures (Nakhutsrishvili et al., 2023) and were long protected for their ecological functions,
with timber imports meeting demand during the Soviet era (UNECE, 2019). Since Georgia’s
independence in 1991, management has remained small-scale, driven by subsistence needs and
continued reliance on forests for grazing and firewood (Patarkalashvili, 2016; Buchner et al., 2020;
Stritih et al., 2024; Chalatashvili et al., 2024). Till the early 1990s, forest science was dominated
by botanical and biogeographic perspectives, i.e., the most thorough descriptions of forest
vegetation classification by Dolukhanov (2010), which was published two decades posthumously
(Goginashvili et al., 2021). This foundational classification has been supplemented by more recent
regional studies (Bohn et al., 2007; Nakhutsrishvili, 2013), and is progressively being aligned with
European vegetation classification standards (Mucina et al., 2016; Chytry et al., 2020; Preislerova
et al., 2024; Knollova et al., 2024). In the last decade, numerous scientific publications focus on
specific forest associations on smaller scales (Akhalkatsi et al., 2014; Tephnadze et al., 2014;
Akhalkatsi et al., 2019; Novak et al., 2020; Goginashvili et al., 2021; Novak et al., 2021; Akobia
et al.,, 2022; Metreveli et al., 2023). As until recently systematic forest inventory data was
unavailable, quantitative analyses of stand structural properties have, to our knowledge, not been
carried out (Machavariani, 2010).

While recent advances in forest research, management reforms, and international support
have strengthened the implementation of sustainable forestry in Georgia, substantial pressures on
forest ecosystems continue (Lomsadze et al., 2019; Chalatashvili et al., 2024). Accordingly, types
of degradation were assessed as hierarchical categories with three severity levels during the first
National Forest Inventory (GNFI, 2019 —2021). The results reported indicate that 35.4%
(approximately 807,000 ha) of forests show signs of various forms of degradations, with 28.2%
and 20% being negatively affected by erosion and cattle grazing, respectively (MEPA, 2023).

These impacts are driven by uncontrolled forest use, logging and livestock grazing, exacerbated by
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a high fuelwood demand and weakened forest management bodies (Machavariani, 2010;
Patarkalashvili, 2017; Gutman & Radeloff, 2017; Beridze & Dering, 2021).

Forest disturbance and degradation are closely related yet conceptually distinct processes
in forest ecology and management (Thompson et al., 2013; Vasquez-Grandon et al., 2018).
Disturbance is broadly defined as a discrete, often stochastic event — either natural or
anthropogenic — that alters structure, composition, or function of the forest (Turner, 2010; Fischer
et al., 2013; Thom & Seidl, 2016; Patacca et al., 2023). These events, i.e., fire, windthrow and
snow damage, avalanches, pest and disease outbreaks or selective logging may temporarily reduce
canopy cover or alter competitive dynamics, but are often followed by recovery driven by the
forest’s intrinsic resilience and self-regulating succession processes (Buma & Wessman, 2011;
Mori, 2011; Seidl et al., 2017; Seidl & Turner, 2022). In contrast, degradation represents a more
persistent state of ecological decline in forest condition (Thompson et al., 2009; Ghazoul et al.,
2015). Numerous definitions of degradation exist (Lund, 2009), but most studies still rely on
narrow, carbon-centric frameworks like that of the IPCC (2003), which defines forest degradation
as a “direct, human-induced, long-term loss of forest carbon stocks [...] not qualifying as
deforestation”. Broader definitions consider a wider range of ecological aspects, emphasizing that
degraded forests have a diminished capacity to provide key ecosystem services — such as biomass
productivity, biodiversity support, or protective functions. These interpretations are more
operational for forest management, as they allow targeted responses to be developed and attributed
(Sasaki & Putz, 2009; Simula, 2009; Ghazoul et al., 2015; Gunn et al., 2019). Forest degradation
can result from chronic pressures such as harvesting, grazing, or pest outbreaks, leading to
simplified stand structures (Bahamondez & Thompson, 2016; Kulakowski et al., 2017). While
natural or low-impact disturbances may stimulate regeneration and structural adaptation,
cumulative or high-impact anthropogenic pressures can push forests beyond resilience thresholds,
resulting in arrested succession or simplified structure (Goode et al., 2020; Gough et al., 2022).
Distinguishing disturbance from degradation remains conceptually challenging, largely due to
variability in disturbance severity, recurrence, and spatial scale (Sturtevant & Fortin, 2021). Such
dynamics are more accurately represented along a gradient of ecosystem alteration, with
degradation marking a tipping point beyond natural resilience (Tepley et al., 2013). Despite
growing recognition of this continuum, locally adapted thresholds to distinguish disturbance from
degradation remain scarce, especially in complex, species-rich systems (Senf et al., 2017; Vasquez-
Grandon et al., 2018), impeding ecological understanding and the development of targeted
restoration strategies.

In this study, we adopt a quantitative approach to differentiate disturbance from
degradation across field-assessed severity levels of degradation from the GNFI. To account for site
and forest-specific response on various disturbances, we assess changes in basal area, canopy

cover, stem density, regeneration, stem size differentiation and vertical distribution, basal area
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proportions of stumps, and growth metrics (diameter and stand volume increment) across classified
forest formations to evaluate whether assigned severity levels indicate reversible dynamics or signs
of arrested recovery (Pretzsch et al., 2019). Although remote-sensing based approaches have
revealed relatively low deforestation and disturbance rates (Buchner et al., 2020; Chen et al., 2021),
field studies suggest more nuanced, localized anthropogenic pressures, especially near settlements
(Cortner et al., 2024; Stritih et al., 2024). Hence, quantitative assessments of stand structure are
especially valuable in Georgia, where disturbance regimes are typically small-scale and spatially
heterogeneous, making them difficult to detect using remote sensing alone (Olofsson et al., 2010;
Mikeladze et al., 2020; Stritih et al., 2024). The GNFI provides country-wide systematic sampling
data across various forest types including visually assessed “degradation” categories in the field
that are divided into three levels of severity. These include biotic and abiotic stressors (e.g., pest
outbreaks, timber damage) and offer a practical basis and allow to identify structural alteration. We
provide the first structural assessment of selected forest formations in Georgia and examine their
relationship to field-assigned degradation levels using recent GNFI data. Our objective was to
analyze stand characteristics along a severity gradient of degradation across forest formations and
compare observable patterns in stand characteristics with increasing severity. We concentrated our
analysis on a general impact gradient (undisturbed, low, moderately, and highly disturbed) as we
were particularly interested in formation-specific variation in disturbance patterns, rather than
comparing disturbance specific impacts. Hence, the investigated research questions are: i) Do field-
assigned degradation severity levels reflect a quantitative gradient in stand properties? ii) Do stand
properties respond differently to degradation severity across forest formations? iii) Do observed
changes in stand properties along the severity gradient indicate a transition from disturbance to

degradation?

4.2 Materials and methods

4.2.1 Study area

Georgia is situated between 41°07'-43°35'N and 40°04'-46°44'E, bordered by the Russian
Federation to the north, Tiirkiye and Armenia to the south, and Azerbaijan to the southeast
(Thormann et al., 2019; Nakhutsrishvili et al., 2023). Approximately 55% of the country lies above
1000 m a.s.l., and 40% of its territory is characterized by slopes steeper than 20° (Mikeladze et al.,
2020). The Greater and Lesser Caucasus mountain ranges shape Georgia’s climate, with mean
annual temperatures in mountainous areas ranging from —5 °C to 10 °C and precipitation levels
from 800 to 1400 mm (Keggenhoff et al., 2014). The Likhi Range (ca. 1000 m a.s.l.) divides the
humid, high-rainfall western regions (13—15 °C, <400—>4000 mm) from the drier, more continental
east (10-13 °C, 500-600 mm, Denk et al., 2001; Elizbarashvili et al., 2006). This climatic and

topographic variation supports diverse forest types, ranging from alpine coniferous forests
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dominated by Abies nordmanniana (Steven) Spach. and Picea orientalis (L.) Peterm. at higher
elevations to open juniper woodland (dominated by Juniperus
polycarpos excelsa subsp. polycarpos (K. Koch) Takht. and J. foetidissima Willd.) of the arid
areas of the Southeast. The western lowlands feature humid Colchic forests with
(Alnus glutinosa subsp. barbata (C. A. Mey.) Yalt) and Castanea sativa Mill., while central
Georgia hosts thermophilic to xerophytic oak forests dominated by Quercus petraea subsp. iberica
(Steven ex M. Bieb.) Krassiln., and  hornbeam  species  (Carpinus betulus L.,  and
Carpinus orientalis Mill., (Novak et al., 2020; Lachashvili et al., 2020; Novak et al., 2021; Novak
et al., 2023b). These transition into mesophytic forests of Fagus orientalis Lipsky. and hornbeam—
beech associations in more humid regions, forming the core of Georgia’s ecological forest

(Dolukhanov, 2010; Patarkalashvili, 2017; Nakhutsrishvili et al., 2021; Novak et al., 2023a).

4.2.2 Data preparation

4.2.2.1 Sampling and plot design

Forests in Georgia are defined as "land area with a width of not less than 10 meters and an area of
not less than 0.5 ha covered with trees higher than 3 meters and a canopy cover of more than 10%,
or with trees able to reach these thresholds in situ" (Government of Georgia, 2020), account for
44.5% (3,100,500 ha) of the country's total area. Field work of the first GNFI (with a 10 year
repetition mandate stipulated in the current legislation (Government of Georgia, 2020)) was carried
out between 2019 and 2021 (MEPA, 2023). The GNFI is based on a systematic sampling grid of
3.6 km x 3.6 km with a randomly selected origin. Field observations are recorded as cluster
samples comprising three sample plots of 0.07 ha each, arranged in an L-shaped configuration with
a distance of 100 m along both axes (Figure 4.1). As 18% of the country’s territory is currently not
accessible for government officials due to an ongoing political conflict, only approximately 74%

of the national forest area of Georgia (Figure 1.3) was sampled (MEPA, 2023).
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Figure 4.1: Configuration of cluster plots (left) comprising three sample plots of the National
Forest Inventory of Georgia. Woody species are assessed within three nested subplots according
to the measured diameter at breast height (DBH, at 1.3 m, right). For each stem, tree and stem
number, species and DBH measurement are recorded along with the polar coordinates of the
stem axis and other variables. Regeneration is assessed on two subplots located 5 m from the
sample plot center in a North and South configuration (r = 1.5 m, MEPA, 2018).

Woody species are recorded according to any stems’ respective DBH. Stems with DBH >8 cm are
tallied on the inner nested subplot radius of 5 m, whereas stems with DBH >15 cm and
DBH >30 cm are assessed on subplots with r = 10 m and r = 15 m, respectively. Crown closure is
recorded as visual estimates on the same reference area as woody species. Plant counts assess
regeneration in two smaller satellite subplots (r =1.5 m) located at 5 m from the plot center (MEPA,
2018, Figure 4.1). On average, increment cores were extracted from 2.8+0.89 stems per sample
plot to determine stand age and measure radial growth (MEPA, 2023). In total, 13,356 bore cores
were analyzed. Stumps, defined as remaining root collars of trees <1.3 m are classified according
to origin (“natural” or “anthropogenic”) and recorded in the same manner as stems (position,

diameter and height), but with a minimum diameter threshold of 10 cm (MEPA, 2018).

4.2.2.2 Forest degradation

At sample plot level, the GNFI collects data on several variables designed to reflect the impacts of
external pressures: I) signs of cattle grazing are recorded as “damage of regeneration and ground
vegetation by browsing” in a larger 25 m radius observational plot according to three severity
classes, II) soil erosion in observed within a 15 m radius and recorded according to origin and
severity, I1I) “forest degradation" is recorded as “changes that has been occurred in the forest and
negatively affected on forest structure and functions”. Multiple classes can be assigned with the

9 G

corresponding degree of severity, i.e., “stands of low density”, “quality reduction because of non-

systemic cuts”, “damages caused by phyto- and endopests”, “fire affected”, “grazing” and “others”

124



Materials and methods

(MEPA, 2018). We use the term degradation in accordance with GNFI nomenclature,

acknowledging that some recorded impacts may reflect disturbance rather than actual degradation.

4.2.3 Data evaluation

We queried the GNFI dataset (m =5970) to remove all sample plots that were inaccessible
(m=671) and not classified as “tree covered area” or “forest” (m = 1012) according to the local
land cover categorization (MEPA, 2023). To reduce the influence of edge effects on stand structure
and species composition, we removed 342 “forest” sample plots that overlapped with the forest
boundary (Ries et al., 2004; Willmer et al., 2022). The remaining dataset contained m = 4168
sample plot observations (n = 1717 cluster), henceforward referred to as “samples” (Figure 4.3).
These account for a total sampled area of approximately 294.6 ha, equal to 0.01% of the national
forest area (2,278,760 ha, MEPA, 2023). We grouped the data according to recorded degradation
severity levels (severity > 0), absence of signs of cattle grazing and anthropogenically induced
erosion or stumps that originated from tree cutting operations. Samples with any of the
aforementioned attributes >0 were labeled as “disturbed” (mdis =2539). All other samples were

considered as “undisturbed” (Mungis = 1629).

4.2.3.1 Classification of forest formations

For the classification of forest types into broader forest formations, we applied cluster analysis
using the Isometric Partitioning around Medoids algorithm (ISOPAM, Schmidtlein et al., 2010) of
all samples with recorded and complete identification at species levels and with Sy > 1. This
unsupervised classification method partitions vegetation data iteratively based on ordination and
medoid-based clustering. We used an extended version of the ISOPAM algorithm, modified to
derive dissimilarities by incorporating phylogenetic distances between woody species (Hao et al.,
2019), which ensures that clustering accounts for evolutionary relationships in species composition
(Wellenbeck et al., 2024). Monospecific samples (m = 661) and samples that contained taxa
identification on genus level (m = 41) were excluded from the analysis. Consequently, a total of
m = 3,466 (83%) were clustered based on an abundance matrix containing basal area per hectare
(BA [m? ha'']) per recorded woody species and weighted by interspecies phylogenetic distances
(supplement 1). Subsequently, the resulting species assemblages were characterized and labeled
according to BA proportions (=10%) and indicator species (Wellenbeck et al., 2024) and classified

into “forest formations”.

4.2.3.2 Stand Structure

To quantify stand structural characteristics of the classified forest formations, we derived the
overall number of stems (N ha') and regeneration (N, ha™') and BA, along with estimated crown
cover percentage (CC%). We calculated proportions of BA per height-class [5S m] (H;), the

quadratic mean diameter (Dg, Curtis & Marshall, 2000) and the share of stump basal area versus
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the basal area of growing trees (%BAsyp). Since %BAy;, is derived from DBH and N, this indicator
closely mirrors declines in BA and CC%, offering an indirect but robust proxy for removal intensity
and reduced timber stocks and iv. We further compared mean diameter increment (i [mm a™']) and
mean stand volume increment (iy [m? ha™! a']). All values were aggregated to per hectare values
per sample plot. Crown cover plays a key role in regulating light availability throughout the stand
profile and influences numerous ecological processes (McElhinny et al., 2005; Modica et al.,
2015). In this study, crown cover was recorded as a percentage of area covered by crowns projected
to the forest floor at the sample plot center (MEPA, 2018). As crown closure percentage (CC%) is
an important proxy for remote-sensing based estimations of BA and stand volume, we compared
CC% changes across severity levels. In the analysis of the GNFI, stem volume (V) is estimated
via a three-parametric function derived via regression analysis using species-specific coefficients
(a, b, c¢) from national volume tables or statistical fitting (Dees et al., 2020). To quantify existing
regeneration, the total of observed seedlings per sample plot were extrapolated to per hectare
values.

To quantify vertical structure via distribution analysis, we applied a simple index that calculates
the proportion of stems within a specific height class per sample plot. H, is calculated by assigning
stems to distinct height classes (e.g., 0—5 m, 5—10 m, etc.) according to the imputed stem height
derived from DBH-H regression analysis (Dees et al., 2020). The proportion of trees in each height
class is calculated using the formula:

Table 4.1: Equation applied to quantify vertical stand structure across height-classes.

Z ny.
H, = —1t
nn
Where:
ny. = is the number of stems in height class i.
L
n = s the total number of stems within the plot.

Low H, values indicate that stems are highly dispersed among different height classes, suggesting
lower densities in vertical strata. A H,, value of 0.5 implies that 50% of the trees are in a specific
height class, indicating a balanced distribution across vertical layers. Conversely, H,, values of 1
indicate a uniform vertical structure, as all stems are assigned to one single height class. Forest
productivity, measured as mean annual increment can signal degradation when it consistently falls
below expected levels for a given forest type and site, particularly if it cannot be restored through
management (Bahamondez & Thompson, 2016). Tree ring analysis from extracted bore cores
provided annual diameter increment rates (is [mm a’'] as ten year average, n = 12,503) and stem
age estimates (n = 7,770). Annual stand volume increment (iv [m*ha™ a’']) was calculated based
on measured and estimated diameter increment in the past 10 years and projecting growth rates for

the next ten years, adjusting the respective height estimate (Dees et al., 2020).
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4.2.4 Analysis

To assess differences in structural characteristics across forest formations and recorded severity
levels, we conducted comparative statistical analyses using normality and significance tests. We
first compared mean values of each index per forest formation between disturbed samples and
undisturbed samples. To test all indices for normality, we applied the Shapiro-Wilk Test (Shapiro
& Wilk, 1965) to classify mean value distributions within both groups according to normality
(Keren et al., 2020). If p <0.05, mean value distribution was classified as “normal”, whereas
distributions with p > 0.05 were classified as “non-normal”. For mean values that followed normal
distributions among groups, we applied Welch’s t-test (Welch, 1947), which accounts for unequal
variance between groups. If means were not normally distributed, we applied the Kruskal-Wallis
test (Kruskal & Wallis, 1952). Following the selection of significant indices, we applied the same
approach across degradation severity levels within each forest formation. For all indices, we
calculated absolute differences in means (A) along the degradation gradient and visualized sample
distributions using boxplots. Statistical significance of A values was assessed using the same
method as described above (Figure 4.4 - Figure 4.7).

All analyses were conducted using the R base ver. 4.4.0 implemented in R Studio ver.
2024.24.0 (RStudio Team, 2024; R Core Team, 2024). The phylogenetic tree was constructed using
the R package V.PHYLOMAKER?2 (Jin & Qian, 2019, 2022) and the cluster analysis was performed
using ISOPAM ver. 2.0 (Schmidtlein et al., 2024). All spatial data was processed in the QGIS 3.34.8
environment (QGIS Development Team, 2009). Normality was checked using the shapiro.test()
function of the package STATS 3.6.2. Welch’s t-test and Kruskal-Wallis tests were implemented
using t.test() from base R.

All analyses were conducted using the R base ver. 4.4.0 implemented in R Studio ver.
2024.24.0 (RStudio Team, 2024; R Core Team, 2024). The phylogenetic tree was constructed using
the R package V.PHYLOMAKER?2 (Jin & Qian, 2019, 2022) and the cluster analysis was performed
using ISOPAM ver. 2.0 (Schmidtlein et al., 2024). All spatial data was processed in the QGIS 3.34.8
environment (QGIS Development Team, 2009). For CE computation, we used the FNN ver. 1.1.4.1
(nearest-neighbor calculations) and SPATSTAT ver. 3.1 (spatial pattern analysis) packages in R.
Normality was checked using the shapiro.test() function of the package STATS 3.6.2. Welch’s t-
test and Kruskal-Wallis tests were implemented using t.test() from base R.
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4.3 Results

A total of 3,466 GNFI samples were clustered and labeled based on their basal area (BA)
composition. The resulting clusters represent groups of samples with shared species composition
and phylogenetic relatedness. These clusters were aggregated into simplified forest formations, and
monospecific samples were manually assigned based on dominant species. Mean values and A
metrics for stocking, structure, and growth variables were then compared across field-assessed

degradation severity levels.

4.3.1 Forest formations

Our cluster analysis discriminated 76 species assemblages of samples with similar compositional
characteristics and phylogenetic relatedness. The resulting hierarchy is structured in four main
groups partitioned on six levels (I-VI, supplement 2). We characterized and labeled each level VI
cluster according to dominant genera with BA proportions >10% and classified clusters into nine
“forest formations”, based on BA dominance, namely “Abies dominated”, “Picea dominated”,
“Pinus dominated”, “Fagus dominated”, “Carpinus dominated”, “Quercus dominated”, “Alnus
dominated”, “Castanea dominated”, “Betula dominated”, “Acer dominated” and “Other”.
Subsequently, we allocated monodominant samples (m = 806) manually according to species to
the respective formation. Variability of the remaining forest formations contained in “Other” is
high as this group encompasses diverse forest types i.e., “Juniperus spp. & Pistacia atlantica”
dominated samples (m = 31), but also Tilia rubra subsp. caucasica (Rupr.) V. Engl. (m = 69),
Robinia pseudoacacia L. dominated samples (m = 45), and samples with fast growing pioneer
species i.e., Salix caprea L., and Populus tremula L. (m = 46). In total, 75% of all samples are
distributed in formations dominated by broadleaves, whereas 17% are dominated by coniferous
genera. Summary statistics per forest formation are provided in supplement 3. Figure 4.2 shows
BA proportions across forest formations, along with the distribution of forest formation by

elevation class.
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Figure 4.2: Basal area (m’ ha™) proportions per genus and forest formation (a). Distributions
of samples across elevation classes [m a.s.l] for all forest formation are shown in b). Genera
with total shares of < 10% of basal area are grouped as “Other spp.”. Percentage values show
shares of samples per forest formation (=10%) that fall within a specific elevation class.

Abies-dominated forest formations occur predominately (>95%) above 1250 m a.s.l.in the western
Greater and Lesser Caucasus, typically co-occurring with P. orientalis, F. orientalis and a minor
share of other species, most importantly Pinus sylvestris subsp. hamata Steven, Acer heldreichii
subsp. trautvetteri (Medvedev) A. E. Murray, and C. betulus. There is limited overlap at these
elevations with 4cer-dominated formations, as these primarily occupy areas above 1500 m a.s.1.
(76%) and extend further east across both mountain ranges (Figure 4.2). A. heldreichii subsp.
trautvetteri, Acer platanoides L., Acer cappadocicum Gled., Acer campestre L. and Acer
pseudoplatanus L. comprise the dominant species of this forest formation and noteworthy
accompanying species include Sorbus aucuparia L. (9.5% of total BA) and pioneer species of the

genera Salix, Populus and Betula.
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Figure 4.3: Spatial distribution of samples within the country colored according to forest
formation. To improve visibility, samples have been shifted manually 1.8 km along the X and Y
axis, respectively. For a colored version of this figure please refer to the online version of this
article.

The highly diverse A/nus-dominated forest formations are primarily concentrated in the western
part of the country, particularly within the Colchic lowlands, with 80% of all samples located below
1,000 m a.s.l. These formations account for 34% of all forest samples below 500 m a.s.l. (Figure
4.2) and are dominated by A. glutinosa subsp. barbata with Alnus incana (L.) Moench occurring
at higher elevations in the eastern Greater Caucasus, where they form part of riparian forest
systems. Within this formation A/nus spp. co-occurs with a wide range of other species, likely
representing transitions to adjacent formations. In contrast, Betula-dominated formations are
relatively species poor and are concentrated (89%) above 1750 m a.s.l, accounting for 30% of all
samples above 2000 m a.s.l., along with Fagus (28%) and Picea (15%) formations. Dominated by
Betula spp., (Betula pendula Roth, Betula medwediewii Regel, and Betula pubescens var.
litwinowii (Doluch.) Ashburner & McAll), this formation occurs in association with S. aucuparia
(11% of total BA). Carpinus-dominated formations are primarily (89%) located between 250 and
1500 m a.s.l. and account for 27% of all forest formations between 500 and 1000 m a.s.l. They are
associated with F. orientalis and Q. petraea subsp. iberica and many understory and other woody
species (Sus= 83 and Sy = 64, respectively), occupying a broad ecological range. Castanea-
dominated formations are predominantly (94%) located between 250 and 1250 m a.s.l. in the
Western part of the country. Fagus- dominated formations are distributed between 750 m and

2000 m a.s.l. (89%) and represent the main formation between 1000 and 2000 m a.s.l. (41% of all

130



Results

samples, respectively). Forest formations grouped as “Other” are mostly distributed across
elevations below 1000 m a.s.l. (71%), and account for 25% of all formations below 500 m a.s.I.
Picea-dominated formations occur at elevations between 1000 and 2000 m a.s.l. (89%). Pinus-
dominated formations are mostly situated above 1500 m a.s.l. (63%) but occur also between 500
and 1000 m a.s.l. (18%). Quercus-dominated formations are found across all elevation classes,
with 66% of samples concentrated between 500 and 1,500 m a.s.l. Because of limited sample sizes
in formations dominated by Betula (m = 82), Acer (m = 61), and high internal variability in “Other”

(m = 346), these formations were excluded from further analyses.

4.3.2 Changes in stand structure
We calculated mean and A values (as absolute differences between means) of stand attributes
across degradation severity levels. Relative changes in means were also calculated to support
interpretation. Variables showing inconsistent trends or high statistical uncertainty were excluded
from plotting to improve visual clarity (supplement 4). Additionally, extreme outliers were omitted
to allow harmonization of Y-axis scales. Only significant A values (p < 0.05) were labeled.
Across formations, changes in stand properties are not uniform, as magnitude, pattern, and
statistical significance of related A values varied among severity levels. Increasing degradation
severity resulted in consistent and significant reduction of stocking, expressed as mean BA, and
CC% across all formations. In coniferous formations, BA (supplement 4a) and CC% decline in a
generally linear pattern, with moderate significance (p <0.01) at low to moderate degradation
levels. In contrast, broadleaved formations such as Fagus, Carpinus, and Quercus exhibit more

immediate and highly significant reductions (p < 0.001), even at low severity (Figure 4.4).
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Figure 4.4: Means of crown cover (CC%) and absolute differences (4) in mean CC% along the
degradation gradient per forest formation. A values are derived as absolute differences of CC%
across severity levels compared to undisturbed samples (p <0.05 = significant (*), p <0.01 =
moderately significant (**) and p <0.001 = highly significant (¥**)). Error bars represent +
standard error of the mean (SE).

In Alnus-dominated formations, mean BA and CC% show highly significant reductions (p < 0.001)
at moderate and high degradation severity, whereas CC% remains relatively stable between
undisturbed and low degradation severity levels. In contrast, in formations dominated by Castanea
significant changes occur only at high degradation severity, with CC% rising slightly under low
degradation severity (62 + 15.8%) before decreasing to 44+ 17.4% at high severity. Abies, Picea,
Fagus, Alnus, and Castanea-dominated formations show a minor, non-significant increase of
~13% in mean N ha™! from undisturbed to low degradation severity, whereas formations dominated
by Pinus, Carpinus, and Quercus exhibit reduced mean N ha™! already at low degradation severity
(supplement 4b). Horizontal and vertical stand structure tends to decrease with increasing
degradation severity, though the magnitude varies by formation and degradation severity level
(supplement 4c and 4d). Significant reductions in mean H,, at low severity were found in Fagus,
Carpinus, Quercus, and Alnus-dominated formations. Mean Dg decreases significantly under high
degradation severity, except in A/nus and Pinus dominated formations. For the latter, no significant
changes in mean Dq were observed. %BAy;, increases sharply and consistently with increasing
degradation severity, especially at high severity (Figure 4.5). However, along the severity gradient
the relative differences in mean %BA;, do not uniformly decrease across formations. In 4bies and
Picea- dominated formations, increases of mean %BA, are marked and highly significant. In
Pinus dominated formations A %BAs, is comparably small, but highly significant (p <0.001)
compared to undisturbed samples. Among broadleaved formations, Carpinus dominated

formations show the highest increase, followed by Quercus dominated formations. Mean %BAs,
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increases in Alnus and Castanea dominated formations between undisturbed and highly degraded
samples are relatively low, but at least moderately significant (p <0.01). In Fagus dominated
formations, all changes in mean %BA;, showed high statistical significance when compared to

means of undisturbed samples.
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Figure 4.5: Means of stump basal area proportion of in relation to stem basal area (%oBAy,) and
absolute differences (4) in mean %BA, along the degradation gradient per forest formation. A
values are derived as absolute difference between means of degradation severity levels (p < 0.05
= significant (*), p <0.01 = moderately significant (**) and p <0.001 = highly significant
(***)). Error bars represent + standard error of the mean (SE).

Distribution of mean Ny, ha ' is characterized by high overall variability, with means ranging from
0 (complete absence of regeneration on sample plot) to 19,200 Nye ha ' in Quercus-dominated
formations of low degradation severity. Most formations show increased regeneration at low to
moderate severity, with Fagus and Carpinus-dominated formations displaying the most consistent
and significant (p <0.001) increase. In spite a general increase along the degradation severity
gradient, patterns and magnitude of responses is strongly formation dependent (Figure 4.6).
Regeneration in Abies, Picea, Quercus and Castanea-dominated formations showed strong and
significant increases up to moderate degradation severity, followed by a marked reduction under
high degradation severity. In Carpinus-dominated formations, the decline under high degradation
severity is less pronounced, whereas increased regeneration persists even under high degradation
severity in Alnus and Fagus-dominated formations. Statistically significant differences were
primarily detected at low degradation levels (p < 0.05). Responses in Pinus-dominated formations
are minimal and marked by very high variability (CV% =208.7). Alnus-dominated formations
showed the lowest mean Ny, across the severity gradient, but increasing regeneration persists even

under high severity (n.s.).
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Figure 4.6: Means of seedling density per hectare (N,eg ha™) and absolute differences (4) of Nyeg
ha across the degradation severity gradient per forest formation. A values are derived as
absolute difference between means of degradation severity levels (p <0.05 = significant (*),
p <0.01 = moderately significant (**) and p <0.001 = highly significant (***)). Error bars
represent + standard error of the mean (SE).

Mean iq generally increases with degradation severity across all formations, except for Pinus-
dominated formations that show a minor initial reduction under low degradation severity. Overall,
A values vary in consistency and magnitude (supplement 4¢). Among coniferous formations,
Picea-dominated formations show a steady, almost linear increase in mean ig with increasing
degradation severity, however changes in mean ig were not significant for low degradation severity.
Pinus-dominated formations show a slight decrease in mean i4 at low degradation severity (n.s.),
but moderately significant increases thereafter. In contrast, mean iq is highest at moderate
degradation severity in Abies-dominated formations. Among broadleaved formations, increases of
mean iq are generally of lower magnitude. Fagus-dominated formations show an almost linear and
highly significant increase in mean ig with increasing degradation severity (p < 0.001). A similar
trajectory along the degradation severity gradient can be observed in Carpinus-dominated
formations, with a minor decrease at moderate degradation severity. In Castanea-dominated
formations, mean ig remains nearly constant at low and moderate degradation severity but increases
significantly at high severity levels. Quercus and Alnus-dominated formations show small
significant increases exclusively under low degradation severity. A general pattern of decreasing
stand volume increment (iv) can be observed along the degradation severity gradient (Figure 4.7).
However, the trend is not linear across formations. Mean stand volume increment (iv) declines
steadily with increasing degradation severity in Pinus, Fagus and Quercus-dominated formations.
In contrast, an initial increase under low degradation severity can be observed in Abies, Picea,
Alnus and Castanea-dominated formations. Formations dominated by Carpinus exhibit the most

marked and significant reduction to mean iv under moderate degradation severity. Statistically
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significant negative A iy values are observed in Abies and Pinus-dominated formations under high
degradation severity (p < 0.05), whereas Fagus, Carpinus and Quercus dominated formations
show significant reductions already between low and moderate degradation severity (p < 0.001).
Other formations show less consistent or statistically non-significant changes across severity

levels.
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Figure 4.7: Means of stand volume increment (iy [m’ ha' a']) and absolute differences (4) in
mean iy across the degradation severity gradient per forest formation. A values are derived as
absolute difference between means of degradation severity levels (p <0.05 = significant (%),
p <0.01 = moderately significant (**) and p <0.001 = highly significant (***)). Error bars
represent £ standard error of the mean (SE).
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4.4 Discussion

For effective forest policy and adaptive sustainable management, it is necessary to distinguish
disturbance from degradation, because each demands specific silvicultural responses in relation to
the resilience capacity of forest stands. Forest formation-specific patterns in structural alternations
can serve as a reference to assess whether observed changes reflect natural variability or point to
functional degradation. We compared means and A values of variables related to stocking,
structure, and growth per forest formation across a field-assigned gradient of degradation severity.
Forest formations were derived via aggregation of clustering results to groups of samples with
similar compositional data and phylogenetic variability. The spatial distribution of forest
formations reflect biogeographic and elevational patterns (Bohn et al., 2007; Dolukhanov, 2010;
Nakhutsrishvili, 2013; Wellenbeck et al., 2025).

Although field-assigned severity classes correspond to consistent changes in mean values,
the nature and significance of these changes are formation-specific and often non-linear. In line
with findings by Meigs et al. (2017), the observed variability of response across variables implies
that the nature and intensity of external effect shape structural trajectories of forest formations
differently, with similar structural outcomes resulting from different disturbance pathways.
However, the trends show a general reduction in overall stocking, increased structural
homogenization and loss of stand productivity for all forest formations along the degradation
severity gradient (Thompson et al., 2009; Thompson et al., 2013). Whereas compensatory
responses at low degradation severity i.e., released radial growth as a reaction to reduced
competition and increased regeneration (Cada et al., 2020) suggest resilience dynamics in most
formations, significantly reduced stocking and resulting declines in overall volume increment at
moderate severity levels point to diminished recovery potential as a result of structural loss (Knapp
et al., 2021; Foster et al., 2022). Structural loss is reflected in decreasing mean Dg and increasing
mean Hj, indicating reduced size differentiation and vertical homogenization along the degradation
gradient (Long, 2009; Goode et al., 2020). Whereas the magnitude of regeneration release is
strongly formation-dependent, most formations exhibit increased regeneration under low to
moderate degradation severity. As increasing degradation severity results in reduced canopy cover
and increased light availability, a corresponding increase in Ny, can be observed. This is
particularly evident in Fagus-dominated formations, where dense canopies typically suppress
regeneration (Tinya et al.,, 2019), but gap dynamics play a key role in facilitating seedling
establishment (Feldmann et al., 2018; Zenner et al., 2019; Martin-Benito et al., 2020; Droessler &
Wolff, 2023). Coniferous, Quercus-, and Castanea-dominated formations show regeneration gains
at low degradation severity only, with reduction at higher levels and limited significance (p < 0.05

for all except Pinus). This suggests that while low severity may promote regeneration, higher

136



Discussion

severity impairs recovery and may exceed resilience thresholds due to additional stand dynamics
(e.g., understory dominance, loss of topsoil, etc. Kern et al., 2013).

Building on these findings, we next evaluated A value distributions across the degradation
severity gradient to assess whether observed dynamics show gradual adjustments or specific
thresholds which indicate a transition from disturbance to degradation. Statistical significance in A
value distribution across forest formations of all variables imply that while low degradation
severity generally induces change, these impacts are weaker or non-significant, with 57% of all A
values reaching significance (p < 0.05). In contrast, frequency of significance increases to 58% and
75% of responses observed under moderate and high degradation severity, respectively. This
severity-dependent pattern suggests that fundamental changes in stocking, structure, and growth
do not emerge incrementally but rather manifest once severity exceeds a certain threshold. Hence,
a uniform classification of all severities as "degradation" may overlook ecological nuances, as
lower severity impacts do not necessarily compromise stand resilience or require management
intervention.

Our findings show that responses to degradation differ by forest formation, emphasizing
the need to interpret degradation severity in a forest type-specific context that allows for adequate
forest policy formulation and targeted management reactions. From a management perspective, it
is essential to account for forest formation specific responses, as some forest types potentially
exhibit strong resilience to low degradation severity, whereas others show structural decline even
under moderate impacts. Sustainable management depends on distinguishing between temporary,
self-recovering disturbances and impacts that exceed resilience thresholds, leading to long term
forest degradation. However, the nature of degradation types are expected to affect forest structure
differently. E.g., in Castanea-dominated formations, the high prevalence of pest and pathogen-
related disturbances (30% of all samples in this formation) combined with low initial stocking
likely contribute to the observed irregularity and reduced specificity of responses (Metreveli et al.,
2024). Similarly, A/nus-dominated formations, contain both lowland swamp forests and alluvial
forests at higher elevation (Figure 4.3), exhibit inconsistent regeneration and structural patterns,
which may reflect the inherent variability of this formation and the relatively high grazing pressure
(36%) limiting regeneration success despite initial canopy opening. Abies and Picea-dominated
formations, both with above-average shares of erosion-related degradation (~22%), showed steep
reductions in stocking, and stand increment under high severity, consistent with expected effects
of soil destabilization. Pinus-dominated formations, characterized by mixed samples of natural and
plantation stands (Lachashvili et al., 2017), display more gradual and heterogeneous structural
responses. Moreover, the high incidence of the degradation type "stands of low density" in Fagus,
Carpinus, Pinus, and Quercus-dominated formations (>30%) provides context for interpretation of

the observed high sensitivity to increasing degradation severity in stocking and spatial structure.
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As an observational, sample-based study, this research does not allow causal inference but
describes changes in mean values across recorded severity levels. The variation in pattern strength
across formations also reflects differences in sample size and within-formation heterogeneity
related to site, stand, and species composition. For example, growth indicators are especially
variable, reflecting differing site productivity or successional stages. These sources of variation
must be considered when interpreting the presented formation-specific responses along the
degradation gradient. Hence, our approach inevitably simplifies ecological complexity, as multiple
interacting factors —species traits, site conditions, competition, and stand age— influence
responses to disturbance and overall resilience. The coarse national sampling grid may obscure
fine-scale spatial variation and blend distinct successional trajectories. However, the growing
availability of stand structure data from denser permanent plot grids in Georgia enables modeling
of forest succession and forest-type specific response dynamics (Pretzsch et al., 2019; Cada et al.,
2020; Gough et al., 2022; Patacca et al., 2023). To deepen insight into the explored relationships,
effects of combined external factors and influences of stand age, long-term studies examining
successional trajectories without and with external effects of varying magnitude are required (Seidl
& Rammer, 2017). Further insight could be gained from comparing impacted stands to near-natural
reference conditions, as basis for quantifying degradation and the development of forest-type
specific stocking guidelines (Bahamondez & Thompson, 2016; Nakhutsrishvili et al., 2023).

With climate-related pressure is assumed to increasingly impact forest ecosystems,
conceptual frameworks for sound monitoring of disturbance and degradation that define required
management interventions are becoming increasingly important (Martin-Benito et al., 2018;
Pretzsch et al., 2020). Integrating remote sensing analyses with quantified structural indicators
from field sample assessments to incorporate spatial and temporal scales can provide new insights
by combining the synoptic view of satellite data with detailed information from field-based
assessments (Senf et al., 2017; Sommerfeld et al., 2018).

Identifying thresholds linked to natural resilience allows for forest-type specific definitions
from a structural viewpoint in line with sustainable forest management, focusing on maintaining
adaptive capacity in stands that display predictable changes, while addressing degradation in less
resilient forest types. Greater recognition of fine-scale natural disturbance processes particular to
existing formations enhances targeted management at both the stand level and across broader

landscape scales.
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4.5 Conclusions

Our findings demonstrate that structural responses to field-assigned degradation severity can be
quantified through changes in stand properties, with patterns that are forest formation-specific and
non-linear. Low severity often reflects resilience, marked by increased regeneration and stem
increment alongside stable or rising productivity in several formations. In contrast, moderate
severity is associated with significant declines in stocking and productivity, suggesting a loss of
recovery capacity. High severity consistently leads to widespread reductions across all structural
indicators. These structural shifts support a conceptual distinction between disturbance and
degradation in forest inventory assessments. This supports more targeted, ecologically informed
forest policy and silvicultural planning aimed at sustaining multifunctional forest landscapes under

increasing anthropogenic and climatic pressures.
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5 Synthesis

This thesis investigates the potential of using large-scale forest inventory data to assess woody
species diversity by applying phylogenetic information as a biodiversity indicator. Focusing on
diversity at the community level, it examines the conceptual and methodological implications of
incorporating interspecific phylogenetic relationships into forest classification frameworks. Using
data from the GNFI, the study addresses three core objectives: (I) to test the utility of
phylogenetically informed assemblages for forest community classification, (II) to evaluate their
alignment with environmental and biogeographic gradients, and (III) to investigate how structural
variation of grouped species assemblages respond to varying levels of forest degradation (Chapter
1.7).

From a broader perspective, this study bridges standard large-scale forest resource
assessments and analytical approaches from community ecology that aim to explain patterns of
species assemblage structure and diversity. By integrating phylogenetic information into the
classification of woody species communities, it examines the practical relevance of a recent
conceptual shift in community ecology using empirical data from a NFI. This multidisciplinary
approach highlights the value of accounting for evolutionary relationships in biodiversity research
and contributes to a deeper understanding of how forest communities are distributed along
environmental and biogeographic gradients. Moreover, it operationalizes PD as a practical
component of forest inventory analysis and demonstrates its applicability for classifying
compositional data. As the first study to implement this approach in the context of a NFI, it offers
a novel perspective on the analysis of tree community variability across large spatial scales. The
findings emphasize the potential of shifting from species-centric to phylogenetically structured
approaches in ecological classification, opening new avenues for research on how evolutionary
relationships reflect functional coherence and ecological fit shaped by environmental gradients.
These relationships can serve as indicators of whether species assemblages correspond to
environmentally filtered, near-natural conditions or signal altered ecological states due to structural
simplification or the introduction of nonnative species.

Although rooted in a multidisciplinary approach, the synthesis presented here frames the
interpretation and contextualization of the stated research objectives within the domain of forest
science. This perspective highlights emerging research questions and challenges related to general
forest assessment, i.e., sample-based representativeness, the integration of biodiversity indicators,
and operational feasibility, but also issues specific to the Georgian context. Viewed through the
lens of large-scale forest assessment, the following sections discuss the findings with an emphasis
on practical insights that can inform the future integration of biodiversity indicators into permanent

forest monitoring systems.
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5.1 Phylogenetic Diversity in Forest Inventories

Biodiversity is fundamental to both life sciences and ecological conservation, yet it has long been
studied in a fragmented manner. Forest science has focused on forest ecosystems, ecology on
species, traits, or phylogeny, and genetics emphasizes variation at the gene level. Although
biodiversity spans multiple hierarchical levels, from genes to ecosystems, the absence of unified
diversity measures has hindered truly integrative research approaches (Gaggiotti et al., 2018;
Heydari et al., 2020). This study advances integrative biodiversity research by translating species
identities into evolutionary units, enabling differentiation based on phylogenetic relationships
within ecological communities. By positioning species identities within evolutionary space, the
study applies this integrative concept to forest inventory data from a diverse region characterized
by high beta diversity and species turnover. To operationalize PD, concepts from community
ecology and forest inventory science are combined to evaluate whether incorporating interspecies
evolutionary relationships into classification yields ecologically meaningful results. The
methodological novelty lies in incorporating phylogenetic information into the unsupervised
classification of woody species assemblages at a national scale. The potential of this approach is
demonstrated in Chapter 2 based on comparative cluster analysis of 1059 samples.

In ecology, the difference between pairs of communities is routinely assessed using
dissimilarity measures to quantify the degree of community change across time or space (Caceres
et al., 2013). Diversity measures are typically derived from data reflecting the compositional
variation within an assemblage, based on species occurrence and abundance (Ricotta et al., 2021).
In such approaches, species identities are treated as “species-neutral”, as biological differences
between species remain unaddressed, implicitly assuming functional equivalence, meaning that
each species contributes equally to the overall observed diversity (Chapter 1.2, Chao et al., 2016).
Departing from the traditional assumption that species are functionally or ecologically equivalent,
the approach taken here acknowledges that species differ in their evolutionary history and
ecological roles. In addition, by using total BA per species as abundance metric, the compositional
characteristics of assemblages are quantified by incorporating structural properties that reflect the
size of its constituents (Caceres et al., 2013; Yao et al., 2019). Species composition data based on
frequencies alone may be insufficient without a structural component, particularly in woody
species communities, where species may be represented by individuals of varying sizes and thus
contribute unequally to overall community structure. As a result, ecological communities can
exhibit similar species composition in terms of abundance, yet differ substantially in size structure,
as reflected by measures such as BA or tree height (H, Caceres et al., 2019b). In forest inventories,
tree size is routinely assessed, typically through direct measurement of DBH, and for a subsample

of trees, also H, with the latter being imputed for the full dataset via DBH—H regression models.
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Consequently, species assemblage data are complemented by individual-level size information,
enabling a more accurate characterization of community structure through structural attributes.

Accordingly, quantifying community dissimilarity using BA weighted by phylogenetic
distances integrates both structural variation and evolutionary relatedness into the assessment of
diversity. This approach led to the classification of woody species into ecologically cohesive
assemblages that reflect not only species co-occurrence, but also relative size distribution and
phylogenetic similarity. As these assemblages correspond closely with the known spatial
distribution of forest types and major biogeographic gradients, the results suggest a strong
phylogenetic signal linked to functional traits and environmental filtering. By incorporating
interspecific evolutionary relationships, the approach discriminates forest communities in a way
that reflects underlying ecological and biogeographic patterns, using only aggregated basal area
per species and phylogenetic information. These results underline the complexity of species
communities and emphasize the value of multivariate statistical methods for quantitative analyses
of their composition (Legendre & Legendre, 2012; Caceres et al., 2019a). Operationalizing
phylogenetic structure as a measure of diversity in this context demonstrates the potential of forest
inventories in monitoring forest biodiversity, but at the same time points to some specific
constraints that require further consideration.

Many observed specimens recorded in the GNFI remain taxonomically unresolved. Despite
extensive cross-referencing with open-access databases, i.e., World Flora Online (WFO,
https://www.worldfloraonline.org/), the Global Biodiversity Information Facility (GBIF,
https://www.gbif.org/), and additional references (e.g., Fischer et al., 2018, Lachashvili et al., 2022)
taxonomic ambiguities remain. Over the course of study, several taxonomic classifications of
recorded species changed in the mentioned online databases. A marked discrepancy was observed
between the species identification lists used in GNFI field assessments and the evolving standards
of taxonomic harmonization, exemplifying the observed divergence between ecological research
and forest expert expertise, already noted by Dolukhanov (2010). This inconsistency highlights the
importance of aligning locally recorded species identities with internationally recognized
taxonomic backbones, i.e., those used in phylogenetic frameworks (e.g., megaphylogenies) or
functional species databases. To address this, comprehensive floristic inventories supported by
genetic sequencing such as those undertaken by the CaBOL project within the broader context of
the iBOL initiative, are essential for resolving ambiguous taxa and ensuring data compatibility
across scientific and applied domains. In this study, the R package WORLDFLORA (Kindt, 2020)
was used for semi-automatic species name standardizing of the GNFI list of recorded species, prior
to the extraction of species phylogenies (Jin & Qian, 2022). Nonetheless, the taxonomic
nomenclature used here is not fully resolved, reflecting the best available information at the time

of analysis and remains subject to revision.
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Because the primary goal of forest inventories is to estimate timber volume, precise
species-level identification has traditionally been a secondary concern. Although the broad spatial
coverage may result in high overall species richness, accurate identification of rare or commercially
less relevant species is often not prioritized. Consequently, records at the genus level are frequently
sufficient for forestry purposes, with non-commercial or infrequent species receiving less attention
(Lam & Kleinn, 2008). This bias toward economically relevant species limits biodiversity-focused
analyses, particularly in species-rich ecosystems where this can lead to underestimation of diversity
and misrepresentation of community composition. As biodiversity gains importance in forest
assessments, the demand for taxonomic precision in species identification is increasing. Meeting
this demand requires rigorous observer training, standardized species lists, and infrastructures that
support laboratory-based identification (Paudel et al., 2021). Al-assisted tools for species
identification are becoming increasingly valuable in enhancing accuracy in the field and overall
efficiency (Méder et al., 2021; Schmidt et al., 2022; Jeno et al., 2025).

Understory species composition plays a crucial role in forest classification by capturing
fine-scale environmental variation and often serves as an indicator of site conditions (Zilliox &
Gosselin, 2014; Kermavnar & Kutnar, 2020). The presented approach, however, is limited to
woody species recorded in the canopy layer (DBH > 8 cm). Incorporating understory data into the
characterization of PD may reveal more nuanced biogeographic patterns not captured by canopy
data alone. Considering understory composition has been shown to enhance the spatial coherence
of forest community classifications (Zilliox & Gosselin, 2014). Beyond species composition,
understory communities offer additional insights into ecosystem health, responses to forest
management, and community assembly processes (Gilbert & Lechowicz, 2004; Tinya et al., 2019;
Kermavnar & Kutnar, 2020). This is particularly relevant to the present case study, as the
composition of woody understory species is already used in standard phytosociological
classifications to distinguish forest types along prevailing biogeographic gradients in Georgia
(Dolukhanov, 2010; Nakhutsrishvili, 2013). However, the sampling procedures in place treat
canopy and understory species (shrubs) as separate entities and yield compositional data on
different scales, which constrains the effective combination of observations. Accordingly,
assessment protocols must be adjusted to provide standardized abundance metrics across
vegetation layers and enable data harmonization. Using standardized species abundance matrices
encompassing compositional properties across layers would increase the resolution of the
respective phylogenetic profiles and enable the reconstruction of complex evolutionary
relationships among communities and environmental gradients. Future research should refine
means to capture phylogenetic variability across vegetation layers. Extending the recorded
phylogenetic profiles to additional levels of the existing plant communities would significantly
improve the resolution of functional community patterns across environmental gradients. The

resulting sharpness would allow the influences of natural and anthropogenic species divergence,
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as well as the impact of neophytes on the phylogenetic composition of the forest community, to be
considered more explicitly.

Sampling optimization remains a central concern for forest inventories. Changing
information objectives require adjusted sampling strategies that balance overall costs and accuracy
requirements. While NFIs are traditionally optimized to produce robust estimates of timber
volumes and growing stock, they can also support species richness estimates, provided that their
structural and methodological limitations are acknowledged. To minimize efforts for field
sampling while maintaining acceptable estimation accuracy, NFIs typically employ nested plot
designs to balance the accurate volume estimates of larger trees with the efficient recording of
smaller individuals across varying DBH thresholds (Gadow et al., 2021). Lin et al. (2020) show
that standard NFI designs tend to underrepresent rare and small-diameter species, especially in
species-rich forests of the tropics. Because forest diversity spans across genetic, taxonomic, and
structural dimensions, different accuracy requirements need to be reconciled. As NFIs gain
recognition for their role in biodiversity monitoring, efforts to optimize sampling design should be
grounded in more holistic concepts. For example, Zhao et al. (2022) demonstrate that cluster-based
sample plot designs, especially square configurations with ~500 m? subplots, can substantially
improve accuracy and precision of species richness estimates compared to single-plot designs in
temperate forests. Whereas total species richness can be reliably estimated using statistical
approaches that account for undetected species, finding a practical balance between accuracy and
efficiency in nested plot designs is essential, to harmonize sampling optimization of various
dimensions of diversity (Archaux et al., 2009; Winter et al., 2012). This calls for further research
on sampling design optimization for multivariate objectives in forest inventory in the context of
biodiversity assessments (Lin et al., 2020).

Structuring forest complexity is essential for effective forest monitoring and management.
This study demonstrates how a conceptually novel method of forest classification aligned with
ecosystem-based forest management can be applied to forest inventory data. This approach
reconceptualizes species identity within a phylogenetic framework, where evolutionary relatedness
informs ecological interpretation and classification, in line with biodiversity concepts that integrate
genetic diversity. For forest science, this framework enhances the ecological interpretation of forest
types by shedding light on the dynamics that shape contemporary woody species communities in
an evolutionary context (Wilcox et al., 2018). For management and conservation, it allows the
identification of zones with disproportionately high PD worthy of protection or evolutionarily
unique stands that can justify adapted management measures. By incorporating phylogenetic
information, this approach enables the discrimination of woody species assemblages within a
broader ecological context, ultimately supporting systematic delineation of forest ecosystems, with

improved alignment according to ecological dynamics.
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In this context, NFIs are shown to be well-suited for biodiversity classification using
unsupervised phylogenetically informed clustering. The patterns resulting from the cluster analysis
prove to be ecologically sound at national level, and no additional data collection is required for
the approach. Incorporating PD into classification approaches yields a significantly more nuanced
and ecologically grounded representation of forest diversity distribution and allows comparative
analyses across regions, provided data collection protocols are harmonized. While standardized
integration of PD into forest inventories and respective analyses still presents methodological and
practical challenges, it offers a feasible and meaningful step toward a more evolutionarily informed
approach to understanding the dynamics of these ecosystems. This has great implications for forest
management as this conceptual shift in organizing communities allows deeper insight in the
interdependence of biotic and abiotic factors, which is highly relevant for ecosystem-based

approaches.
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5.2 Ecophylogenetics in Forest Classification and Management

Accurate classification of forest communities, and the species assemblages they comprise, is key
to biodiversity assessment, forest management and landscape mapping. Since vegetation
classification enables the organization of the complexity of ecosystem dynamics and related
functioning, robust and standardized methods for classification are required (Gadow et al., 2021).
Organizing forest entities thematically based on specific objectives facilitates the description,
comparison and meaningful communication required to understand the dynamics that shape forest
diversity on temporal or spatial scales. Recognized vegetation typologies support consistent
approaches to mapping, monitoring, management, and conservation of ecosystem diversity.
Thematic classifications can be based on functional, structural, compositional, and ecological
criteria, as well as on conservation priorities and degradation status, depending on the specific
objectives. The field of ecophylogenetics investigates how evolutionary relationships among
species shape community distributions along environmental gradients. Hence, when applied to
forest classification, it combines ecological criteria with an evolutionary framework, based on
genetic divergence that serves a proxy for functional characteristics. Grounded in this conceptual
framework, this research introduces a scalable, data-driven approach that integrates forest
inventory data with phylogenetic dissimilarity metrics to classify woody species compositions.
Applying a straightforward approach of unsupervised classification to NFI data, it demonstrates
that genetically informed clustering results in coherent and ecologically meaningful classification
of forest species assemblages (Chapter 2). The results further suggest that evolutionary
relationships, expressed as phylogenetic dissimilarity, strongly shapes woody species composition.
This aligns with Pereira et al. (2021), who argue that incorporating evolutionary history is essential
for understanding species composition in transitional zones in the Neotropics. However, increased
disturbance (anthropogenic or natural) leads to compositional homogenization and reduced
clustering accuracy, a trend further intensified by the presence of neophytes, which can obscure
the relationship between phylogenetic composition and environmental factors (Chapter 3). Field-
assigned disturbance classes lead to composition-specific structural responses. Whereas low
disturbance severity often indicates composition-specific resilience, moderate and high severity
levels are linked to declining structure and productivity, reflecting reduced recovery capacity and
lasting degradation (Chapter 3). Consequently, while constrained by degree of disturbance and
presence of nonnative species, clusters that represent woody species assemblages closely align with
major environmental gradients in Georgia. Understanding the underlying processes that shape
assemblage distribution can serve as framework to delineate forest species assemblages to support
conservation mapping and the development of effective ecosystem monitoring strategies.

The forests of Georgia are distinct within the temperate biome for their high species

richness, endemism, and survival of ancient lineages, making them important repositories of
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evolutionary history (Tarkhnishvili, 2014). Phylogenetic structure in these forests varies along
environmental gradients but is also markedly shaped by external effects and increasingly by species
introductions (Kavtaradze et al., 2023). Despite these alterations, the general natural distribution
of species remains relatively intact, compared to other temperate forest areas, e.g., in central
Europe, where large areas have been replanted with nonnative or species that would not occur by
natural assembly on specific site (e.g., Picea abies (L.) H. Karst. or Pseudotsuga menziesii (Mirb.)
Franco, Vasadze et al., 2024).

This study demonstrates how interspecific phylogenetic structure reflects the genetic
landscape, as evidenced by the spatial clustering of evolutionarily related species assemblages. By
parting with traditional forest classification systems that are based on species dominance, this
approach produces compositionally coherent units grounded in evolutionary relationships and
ecological function. Since closely related species often share similar ecological traits due to
evolutionary proximity, a strong phylogenetic signal indicates limited functional divergence
(Cadotte et al., 2019). In contrast, distantly related species often display greater niche
differentiation, shaped by evolutionary and ecological processes that reduce competition and allow
coexistence within communities (Padullés Cubino et al., 2021; Guevara Andino et al., 2021; E-
Vojtko et al., 2023). Hence if traits are evolutionarily conserved, a phylogenetically informed
clustering yields species assemblages as functional groups, shaped by niche conservatism and
environmental filtering. However, external effects can lead to disruption of the compositional
assembly impacting structural or phylogenetic properties, e.g., the introduction of nonnative,
evolutionarily distant taxa. As a result, the original position of the community in functional trait
space may become distorted, leading to weaker phylogenetic signal. Phylogenetic dissimilarity
reflects niche differentiation because it captures the relationship between species traits and
environmental conditions. However, this balance between community composition and
phylogenetic structure becomes increasingly disrupted under disturbance, which weakens the
broader ecological signal (Webb et al., 2006; Cadotte & Tucker, 2017; Diniz et al., 2024). On the
other hand, a strong phylogenetic signal may indicate increased resilience as environmental
filtering and competition dynamics result in stable communities over time, fluctuating along
successional dynamics or in response to changing environmental conditions.

Because assembly mechanisms vary with spatial scale, different phylogenetic patterns are
expected to emerge across different spatial extents (Cavender-Bares et al., 2006). At smaller scales,
biotic interactions such as competition for limited resources, pathogen pressure, or facilitation may
lead to phylogenetic and functional trait overdispersion. In contrast, at broader spatial scales,
phylogenetic clustering is often observed due to environmental filtering, where varying abiotic
conditions favor the establishment of ecologically similar, closely related species (Tilman et al.,
1997; Swenson et al., 2006). The relative contributions of these compositional mechanisms, as well

as the levels at which they operate, remain uncertain, especially at the intermediate level where
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both competition and environmental filtering may operate simultaneously (Arnillas et al., 2021).
Understanding the relative processes shaping community assembly across scales remains a critical
research challenge (Vellend et al., 2017). Moreover, forest community composition is inherently
dynamic. As environmental conditions change and interspecific interactions evolve, communities
undergo succession, often accompanied by significant changes in species diversity and
composition (Yu et al., 2019). Early-successional stages are typically dominated by fast-growing,
often functionally similar species, while late-successional or climax communities tend to support
fewer, more specialized species (Cadotte, 2023). The classification approach proposed here is
designed to accommodate such dynamics. Through repeated measurements of permanent sample
plots, it offers a framework to explore community assembly processes along successional
trajectories under varying ecological conditions.

Although the classification algorithm produced results broadly consistent with
syntaxonomic classifications, the resulting species assemblages have not been systematically
aligned with existing vegetation typologies. However, alignment with broad-scale mapping by
Bohn et al. (2007) is demonstrated in Chapter 2.3.4. The proposed approach would need to
encompass additional forest strata (i.e., understory and herb layer) to produce clusters that could
be harmonized with the existing classifications, particularly the detailed forest vegetation
descriptions by Nakhutsrishvili (2013). Extending diversity assessments beyond woody species in
the canopy layer is likely to enhance the resolution of the captured phylogenetic-environment
relationship. Species occupancy in the herb layer is a classical tool for forest site evaluation, as
indicator values reflect stand characteristics i.e., soil humidity, nitrogen availability, light
conditions and pH value (Ellenberg, 1974; Wohlgemuth, 2000; Di Biase et al., 2023; Tichy et al.,
2023). Incorporating this layer enables more fine-scaled habitat differentiation.

In addition, classification of samples from denser grid configurations is required to capture
additional forest types and variations thereof. The presented approach is directly applicable with
the existing datasets of denser FMIs without needing further adjustments. At smaller scales
however, the integration of additional forest strata might be required to capture functional
properties of species assemblages sufficiently (Luo et al., 2019). In addition, different dispersion
dynamics of dominant and nondominant species should be considered to account for potential
effects on site characteristics caused by dominants (Arnillas et al., 2021).

Unlike traditional classifications, which often lack standardized methods, statistical rigor
and formal assignment rules, the methodological framework presented here is transparent and
reproducible and supports a seamless integration of new plot records, provided complete species
lists are available. The approach is compatible with the increasingly available data from FMIs and
the upcoming second NFI in Georgia (2028). In fact, it can be applied in a straightforward manner
to most forest inventories. Integrating a phylogenetically informed classification into forest

assessments offers a robust foundation for ecologically meaningful stratification. The resulting
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hierarchy can serve as stratification units for adjusted sampling designs and improve the precision
and representativeness of diversity estimates across heterogeneous forest landscapes. Such
stratified sampling would increase statistical efficiency by reducing within-stratum variability and
enhancing detection of B-diversity among strata (Gimaret-Carpentier et al., 1998). Based on these
strata, targeted sampling protocols, e.g., habitat classifications, could be employed. This would
allow NFIs not only to quantify PD more accurately, but also to track changes in forest PD and
functioning over time.

The findings of this study highlight the potential to strengthen links between systematic,
periodically repeated forest assessments and research on species diversity and forest ecology.
Refining the resulting classification to incorporate additional vegetation strata allows a more
complete capture of the phylogenetic composition of the vegetation community, thereby increasing
both the diversity facets monitored and the accuracy of the resulting forest typologies. Controlling
for forest typology via permanent monitoring provides critical information on structural and
compositional changes across successional trajectories and allows evaluation of the most important
factors driving respective changes, including the role of disturbances and types of degradation
(Sanchez-Pinillos et al., 2019; Sanchez-Pinillos et al., 2024).

For forest monitoring and growth modeling, the approach allows unsupervised
classification of diverse forests over large areas. Plot-based assessments are not suited for detailed
characterization and classifications at stand level, but they are well suited to characterize broader
populations of interest, such as stratified forest types or formations. Thus, application of a
phylogenetic stratification could provide reliable estimates, including confidence intervals to
quantify statistical uncertainty, to support forest policy, planning, and decision-making
(Bruciamacchie, 2015). The typologies obtained can provide forest managers and policy makers
with critical information for adaptive forest and targeted conservation management. Based on these
typologies, specific management guidelines can be developed to maintain either a particular species
composition or a desired size structure. In addition, dynamic growth models that are adjusted to
site-and-community interactions can be derived per forest type, providing means to simulate forest
development over time. From these, forest management scenarios can be deduced for specific cost-
benefit analyses or estimates of economic framework conditions. Quantifying structural and
compositional differences between managed and unmanaged stands can be used to detect
deviations from natural succession for degradation monitoring (Caceres et al., 2019a; Céceres et
al., 2019b).

Hence, by its” dynamic nature the approach can align temporal changes in stands of similar
phylogenetic configuration, that result from succession, disturbance, degradation, or recovery.
Importantly, the classification integrates functional responses of species assemblages with abiotic
site characteristics and allows to derive how environmental filtering and species interactions jointly

shape the phylogenetic community structure. Moreover, by demonstrating that abiotic variables
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predict the occurrence of phylogenetically defined forest units, the study provides a tool for spatial
planning and scenario modeling, including anticipating how assemblages may shift under climate
change or disturbance regimes. This dual consideration strengthens its relevance for site-specific
evaluation for forest science. Crucially, it also enables a more meaningful classification of forest
units: rather than relying on arbitrary or traditional categories, i.e., groupings by genus or age, the
approach delineates ecologically cohesive forest types that reflect functional relationships and
environmental context. This could improve both the ecological validity and practical utility of
forest classification methods that embody a holistic, multidisciplinary understanding of ecosystem
dynamics and site conditions.

However, a practical integration of PD into forest management requires a thorough
understanding of these processes and is often constraint by data deficiencies, and a lack of a
standardized methodologies. Nonetheless, increasing the awareness among practitioners holds
great potential for developing conservation and management strategies that safeguard not only
species richness but also the evolutionary heritage and adaptive capacity of forest ecosystems (Ali
et al., 2025). In this regard, the approach aligns closely with the principles of ecosystem-based
forestry, which emphasize maintaining ecological function, structural diversity, and resilience.
Moreover, it resonates with the concept of biogeocoenosis developed by Sukachev and
foundational to forestry in many states of the former USSR (Petzer, 2023). This concept views
forests as integrated systems shaped by the interaction of organisms and their physical environment
(Sukachev & Dylis, 1964). By classifying forest types based on both structural and phylogenetic
composition and environmental context, the method operationalizes this holistic ecological view
through a modern, data-driven framework.

Nonetheless, implementing this approach requires a shift in forestry practice and education
toward increased ecological integration. This would require to streamline forest science with
ecological management principles, moving away from production-focused models toward
approaches grounded in ecological understanding. The method connects forestry with forest
ecology, allowing for classifications and decisions based on the inherent dynamics of forest
ecosystems. Hence, future foresters must be equipped not only with silvicultural expertise, but also
with an understanding of the underlying ecological processes, including phylogenetic and
successional dynamics, the ability to apply insights from long-term monitoring, and forest
management strategies that support biodiversity, ecosystem stability, and evolutionary potential.
To achieve this, forest science must adjust its methodological foundations to align with ecological
and sustainable forest management and strengthen the ecological aspect of forestry. By applying
ecological principles and integrative approaches, new methods can be developed that reflect a
holistic, multidisciplinary understanding of ecosystem dynamics and their interactions with the

abiotic environment.
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5.3 Forest Inventories as Biodiversity Monitoring Systems

Continuous pressures on maintaining biodiversity in the Anthropocene demand effective planning
in forest conservation, restoration, and diversity management. Related decisions, however, must
be grounded in robust, context-specific knowledge derived from empirical data that aligns with the
specific goals and information needs. Ecological models are central to this effort, but their utility
depends on a solid empirical understanding of ecosystem dynamics, obtained through data analysis
and experimental research. The inherent complexity of the natural processes that shape biodiversity
is increasingly explored through multidisciplinary concepts and multivariate approaches that foster
a more holistic understanding of related ecosystem dynamics. Policy and management efforts
aimed at sustainable forest ecosystems and halting biodiversity decline require robust monitoring
systems that generate the empirical data necessary for refining concepts and ecological models
capable of capturing biodiversity patterns and related dynamics over time. Developing operational
methodologies that structure and quantify biodiversity across spatial and temporal scales is a
priority not only for conservation management, especially in the current setting in which species
loss outpaces documentation (Bevilacqua et al., 2021). Hence, there is a recognized global need
for observation systems that provide consistent, and repeated data on the state and trends of forest
biodiversity (Bellingham et al., 2020). However, such systems remain scarce, particularly at
national scales, with NFIs representing an exception (Gillerot et al., 2021). Systematic forest
inventories, i.e., NFIs, have established themselves as the most experienced and data-rich tools to
provide extensive information on woody species diversity in forest ecosystems, with repeated
measurements that allow tracking of changes over time and across environmental gradients (Hao
etal., 2021). Data generated by these assessments are increasingly available worldwide and provide
means to quantify various aspects of forest diversity i.e., structural complexity, and temporal
biodiversity changes in forest ecosystems (Winter et al., 2008; Corona et al., 2011; Traub & Wiiest,
2020; Heym et al., 2021). Building on NFIs as solid frameworks in place to include the monitoring
of additional variables related to forest biodiversity beyond woody species represents an effective
strategy for maximizing their utility.

In this context, the concept of Essential Biodiversity Variables (EBVs) was introduced to
support consistent, scalable biodiversity monitoring and to bridge the gap between raw ecological
observations and global policy indicators (Pereira et al., 2013; Proenga et al., 2017; Hardisty et al.,
2019). EBVs define a minimum set of measurements needed to track biodiversity change across
space and time and are structured into six major classes: genetic composition, species populations,
species traits, community composition, ecosystem structure, and ecosystem function (Schmeller et
al., 2017; Bellingham et al., 2020). These variables are not only scientifically grounded but also
designed to inform national and international biodiversity targets, including those defined by the

UN-CBD (Pereira et al., 2013; Proenca et al., 2017). NFIs offer a promising foundation for
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operationalizing EBVs at broad scales. Their standardized sampling frameworks, large spatial
extent, and capacity for temporal replication make them particularly well-suited to support EBVs
related to species populations, community composition, and ecosystem structure (Bellingham et
al., 2020). However, many existing biodiversity monitoring systems underutilize this potential,
especially in relation to less frequently addressed dimensions such as genetic, phylogenetic, and
functional diversity. For instance, PD, can be derived directly from standardized species lists and
the increasing number of phylogenies readily available online. As a result, the classification
approach developed in this research offers a direct contribution to EBV-oriented biodiversity
monitoring. By clustering forest inventory plots into phylogenetically structured woody species
assemblages, the presented methodology captures aspects of both community composition and
evolutionary diversity. Especially in ecologically complex and understudied regions such as the
South Caucasus, this approach supports the development of scalable, reproducible tools that align
national monitoring systems with international biodiversity targets.

While contributing to the understanding of distribution patterns of phylogenetic
dissimilarity across environmental gradients, this study also demonstrates that despite being
originally designed for timber-oriented assessments, NFI frameworks allow extended biodiversity
research. By integrating phylogenetic information, it is possible to obtain a highly differentiated
picture of forest diversity patterns without the need for additional field assessments. In addition,
because of their systematic nature NFIs allow the integration of remote sensing as auxiliary data to
calculate relevant indicators and as carrier data for large area predictions, regionalization or the
support of species distribution models (Randin et al., 2020). In combination with the spectral
diversity concept, PD can be mapped using spatially explicit sample plot observations as training
data (Kacic & Kuenzer, 2022). Mapping PD would delineate areas based on evolutionary diversity
enabling the identification of conservation priorities beyond species richness by highlighting areas
of high ecological and evolutionary value. Once species identity is quantified in terms of
interspecies distances, additional metrics can be derived to quantify PD within communities (e.g.,
Faith’s PD, MPD, MNTD), from which phylogenetic landscapes can be mapped. In addition,
spatially explicit assessments of ecosystem functionality, species-level importance, and extinction
risk across taxa is possible (Ma et al., 2019; Mammola et al., 2021; Ette et al., 2023).

For forest policy and management in Georgia, grouping woody species assemblages by
genetic similarity offers a standardized, reproducible, and scalable tool to organize ecological
complexity and delineate forest types according to ecological and phylogenetic relevance. This is
particularly important for monitoring trends that affect biodiversity on various ecological levels
because of environmental change or anthropogenic factors, enabling more refined diagnostics and
early warning systems. Robust classifications of tree species communities based on a
multidimensional diversity approach provide broadened perspectives on forest assessment and the

derivation of conservation strategies. Applied at smaller scales, i.e., on forest unit or district levels,
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the approach could support organization of communities on a finer scale, provided compositional
data of additional vegetation strata i.e., understory or herb layer are considered. Whereas empirical
evidence supporting this assumption is not yet available, the required data is, given that numerous
FMIs with finer spatial resolutions (e.g., 1.8 x 1.8 km and 300 x 300 m, in Akhmeta forest district
and Maghraani forest unit, respectively) have been implemented in Georgia. These inventories
utilize single sample plot designs with identical configurations, making the subsequent
comparative analyses across scales straightforward.

To protect biodiversity within the constraints of limited conservation funding, it is essential
to prioritize conservation efforts (Cadotte & Tucker, 2018). The concept of biodiversity hotspots
provides a strategy for conserving the greatest biodiversity at the least costs (Myers et al., 2000;
Lovett, 2001). Traditionally, this method relies mainly on species distribution patterns to determine
which areas are most concentrated with species distribution, which areas have the most obvious
endemism, and which areas have the most endangered species (Myers, 2003). By providing a focus
on the evolutionary history of different species, this study presents a scalable methodology to
identify hotspots of PD across the forest ecosystems. Moreover, the applied approach can support
species distribution models and be extended to derive phylogenetically inferred biotic species
dependencies which can be linked to hosts, prey, predators or other actors to inform distribution or
abundance predictions of nontree taxa (Jetz et al., 2019).

This study demonstrates the added value that NFIs provide for generating information
relevant to biodiversity assessment on large scales. NFIs have historically emphasized timber
resources, with data collection frameworks primarily structured around the measurement and
assessment of trees. This production-oriented legacy characterizes the general sampling designs in
many NFIs today, resulting in a disproportionate focus on arboreal components. From a
biodiversity perspective however, forests are dynamic networks of interacting species of various
taxonomic groups, and the functional contributions of understory plants, fungi, and fauna are no
less vital than those of trees. Accordingly, for forest biodiversity monitoring to be ecologically
inclusive, it must shift beyond woody species of economic value and address the full spectrum of
life forms within forest ecosystems. As a result, biodiversity integration in NFIs is increasingly
becoming a matter of concern and options exist to build on indicator variables already collected or
easily observed within standard inventory protocols (e.g., forest structure, deadwood, tree
microhabitats, large and/or old trees, species diversity, Oettel & Lapin, 2021). Based on these field
observations additional indicators for extended biodiversity assessments can be modeled. Still,
while these provide a relatively comprehensive set of harmonized indicators for tree-based
biodiversity (Winter et al., 2008; McRoberts et al., 2009), significant gaps remain regarding non-
tree taxa, but complementary sampling methods (i.e., nest counts, animal sightings, etc.), to capture
specific features of diversity beyond woody species are being developed and implemented.

Nonetheless, the possibility for reporting harmonized estimates of diversity indicators for nontree
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life-forms derived from NFI data is very limited in practice. A more integrative monitoring strategy
would address these gaps by incorporating standardized assessments across multiple biological
groups (e.g., lichens and bryophytes). While understory vegetation is frequently recorded as
nontree vegetation, assessment protocols are neither optimized nor standardized. Records of
ground vegetation include presence or coverage of herbs, ferns, mosses, lichens, and liverworts,
sometimes quantified using Braun-Blanquet (1965) approaches (Chirici et al., 2011). Hence,
numerous indicators that can be leveraged for biodiversity assessments beyond woody species are
already in place in many forest inventories. These indicators are of extended value for scientists
outside the forestry domain. However, conventional monitoring often emphasizes species richness
or abundance, metrics that do not reflect evolutionary distinctiveness, trait diversity, or the
ecological coherence of species assemblages. Embedding phylogenetic metrics into regular
inventory cycles allows to incorporate genetic diversity to be assessed and provides means to
delineate communities based on PD, understand processes of lineage diversification and speciation,
detect compositional shifts that may affect ecosystem function, and infer habitat distributions and
environmental filtering dynamics. By identifying phylogenetically clustered forest units,
monitoring programs can track changes in PD over time, compare regions or forest formations
based on their evolutionary uniqueness, and prioritize areas where the risk of loss of evolutionary
history is most severe. In addition, the integration of genetic data, i.e., through DNA barcoding,
into NFIs remains a highly promising step that could expand methodologies for detecting
intraspecific genetic patterns and enable more detailed classifications. A synergistic expansion of
species detection using systematic DNA barcoding methods within forest inventories holds
significant potential to increase the accuracy and completeness of data for estimating forest
diversity. A systematic evaluation of existing forest inventories, taking into account available
integration options, remains an exciting field of investigation.

Hence, 1 assume that NFI frameworks will continue to adjust to the information needs
required for monitoring trends in forest biodiversity with increasing focus beyond woody species.
Relatively straight-forward approaches include the incorporation of systematic assessments of
ground vegetation based on standard phytosociological methods (i.e., Braun-Blanquet), species
counts on larger observational units or recordings of birds and insects within or among sampling
units (i.e., record sightings along transects between sample plots). Other approaches could be based
on acoustic monitoring (Alcocer et al., 2022; Beason et al., 2023; Lapin et al., 2025), installations
of camera traps and/or adding the acquisition of samples (i.e., topsoil) for subsequent DNA
sequencing. However, any approach is limited by logistical constraints and cost implications need
to be juxtaposed with the respective precision requirements. Here, additional research focusing on
required inventory design extension and optimization related to a defined set of biodiversity

indicators is required.
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Research on the relationship between the phylogenetic dimension of species identity and
the resulting diversity encoded in species assemblages in relation to species assembly processes
and environmental filtering, has experienced a remarkable upswing in the last decades. Coined as
ecophylogenetics, the discipline that emerged ensuite helps to answer fundamental ecological
questions by considering evolutionary relationships between species and presents potential to
derive orientations for policy making and management decisions, based on a deeper understanding
of ecological dynamics shaping forest ecosystems. By applying ecophylogenetic concepts to GNFI,
this thesis provides new findings that answer questions regarding the spatial patterns of species
assemblages in forest ecosystems within Georgia and reflects several theories regarding
community assembly and environmental and biotic interactions. Due to the systematic nature of
the available large dataset along multiple environmental gradients and available online phylogenies
it was possible to use PD to classify sample plots into meaningful ecological groups and to prove
their spatial distribution aligns with prevailing environmental gradients. Overall, this thesis
underlines the importance of large-scale systematic forest inventories for biodiversity monitoring
of forest ecosystems.

Experience gained from the three presented studies suggest that community delineation
from large-scale forest inventories based on PD is possible and produces clusters that align with
biogeographic gradients. The non-stochastic relationship between abiotic site conditions and
species assemblage patterns was demonstrated by the predictive analysis to derive cluster
membership from environmental data. Comparing structural characteristics of phylogenetically
homogeneous forest formations revealed differences among groups in responses along a
degradation gradient. Thus, tested on a large multivariate dataset by comparing different aspects
of cluster characteristics of distinct class configurations and applying predictive analysis via
machine learning, the practicability and usefulness of the proposed approach is demonstrated. The
growing availability of high-resolution phylogenies and enhanced capacities to process large
multivariate datasets facilitate the easy replication and application of these analyses to additional,
expanded, or future datasets (Cadotte et al., 2018). As additional samples from similar inventories
with finer grid sizes are available in the country, the approach can be readily applied to gain a better
understanding of these relationships on smaller spatial scales.

In conclusion, the ecophylogenetic analysis of forest inventory data offers a scalable, data-
driven method for biodiversity assessment, classification, and monitoring. It bridges a conceptual
divide between evolutionary ecology and forest science, linking the functional relevance of species
identity to environmental gradients. The challenge now lies in deepening this perspective within
forest management and respective inventory systems, to develop additional assessment protocols
and appropriate methods, and to further operationalize the unveiled relationship between
phylogenetic community composition and abiotic conditions. Given Georgia’s high ecological

complexity and largely natural species composition, the country provides an ideal setting to further
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develop and apply ecophylogenetic approaches. Located within the Caucasus biodiversity hotspot,
Georgia’s forests offer a valuable opportunity to advance integrative biodiversity assessment and
safeguard their evolutionary and ecological distinctiveness. Addressing these questions and
objectives requires experimental and long term observational datasets, solid information
management systems with respective mandates enclosed within a strong institutional framework

that combines forest science and ecological expertise.
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Abstract

Classifications of forest vegetation types and characterization of related species
assemblages are important analytical tools for mapping and diversity monitoring
of forest communities. The discrimination of forest communities is often based on
B-diversity, which can be quantified via numerous indices to derive compositional
dissimilarity between samples. This study aims to evaluate the applicability of unsu-
pervised classification for National Forest Inventory data from Georgia by compar-
ing two cluster hierarchies. We calculated the mean basal area per hectare for each
woody species across 1059 plot observations and quantified interspecies distances
for all 87 species. Following an unspuervised cluster analysis, we compared the results
derived from the species-neutral dissimilarity (Bray-Curtis) with those based on the
Discriminating Avalanche dissimilarity, which incorporates interspecies phylogenetic
variation. Incorporating genetic variation in the dissimilarity quantification resulted
in a more nuanced discrimination of woody species assemblages and increased clus-
ter coherence. Favorable statistics include the total number of clusters (23 vs. 20),
mean distance within clusters (0.773 vs. 0.343), and within sum of squares (344.13
vs. 112.92). Clusters derived from dissimilarities that account for genetic variation
showed a more robust alignment with biogeographical units, such as elevation and
known habitats. We demonstrate that the applicability of unsupervised classification
of species assemblages to large-scale forest inventory data strongly depends on the
underlying quantification of dissimilarity. Our results indicate that by incorporating
phylogenetic variation, a more precise classification aligned with biogeographic units
is attained. This supports the concept that the genetic signal of species assemblages
reflects biogeographical patterns and facilitates more precise analyses for mapping,

monitoring, and management of forest diversity.
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1 | INTRODUCTION

Forest ecosystems host the largest share of terrestrial biodiver-
sity and cover approximately one-third of the global land surface
(FAO, 2020; Gillerot et al., 2021; Heym et al., 2021; Torresani
et al., 2019). In light of increasing pressure on forests due to cli-
mate change and the related global loss of biodiversity, also re-
ferred to as the “the sixth mass extinction,” with up to 92% of
terrestrial endemics being anticipated to be negatively impacted
(Manes et al., 2021), reliable approaches to assess and moni-
tor forest diversity are required (Barnosky et al., 2011; Cowie
et al., 2022; Faith, 2013; Palombo, 2021). Monitoring should in-
clude the quantification of metrics that allow the classification of
ecological entities based on their specific level, or degree of biodi-
versity, and ultimately according to their respective conservation
value, which is required by conservationists (Brooks et al., 2015;
Zampiglia et al., 2019). Appropriate delineation of forest commu-
nities and characterization of related species assemblages across

8518017 SUOLILLIOD BAFes1D 3|qedljdde auy Aq pauienob ale Sappiie VO ‘8sN 4O Sa|nu Joj ARIq)T 8UIIUO AB|1/M UO (SUO I pUOD-pUe-SWLBHWI00" A | 1M Afe.q 1 Bu1|uO//:Sd1Y) SUORIPUOD PUe SWwie 1 8L} 88S *[7202/.0/€Z] Uo Areiq)TauliuO A8|IM ‘69STT €899/200T OT/I0P/W00 A8 1M Aiq1jeuluo//Sdiy Wwoly pepeojumod ‘L ‘¥20Z ‘85L.G702



WELLENBECK ET AL.

taxonomic groups are important analytical tools for sensible
monitoring of species diversity and biodiversity management. On
broader scales, such metrics can be provided by means of vegeta-
tion classification which aims to group spatial or temporal diver-
sity of species within a finite set of abstract categories (de Caceres
et al., 2015). Vegetation classification has proven to provide ade-
quate means for descriptive reporting, communication, and map-
ping of forest communities, and related concepts have responded
to changing information needs over time. Consequently, forest-
type classifications exist for a wide range of targets, that is, habi-
tat quality (qualitative assessments for biodiversity management),
development over time (i.e., stand classification according to age
classes for forest management) or along biogeographic gradients,
and remote sensing-based mapping of ecological communities
(de Céceres et al., 2013; de Caceres, Martin-Alcén, et al., 2019;
Fassnacht et al., 2016; Hao et al., 2021).

One approach for classifying forest communities focuses on
the variation in species compositional characteristics across assem-
blages of different sites within a geographic area, which is commonly
known as B-diversity (Legendre & de Caceres, 2013; Magurran &
McGill, 2011). B-diversity can be assessed by the change in species
compositional characteristics between sites (i.e., species turnover,
Jost, 2010) and a plethora of metrics exist to quantify the degree of
dissimilarity between assemblages on various spatial and temporal
scales (de Caceresetal.,2013; de Caceres, Coll, etal., 2019; Legendre
& Legendre, 2012; Magurran & McGill, 2011; Ricotta, 2005). The
most common dissimilarity indices are exclusively based on com-
positional characteristics, that is, species richness and elements
of evenness (Magurran, 2005), while interspecies variability (i.e.,
phylogenetic, taxonomic, functional, or traits) is not considered
(Chao et al.,, 2018; Chiu et al., 2014; de Caceres et al., 2013; Hao,
Ganeshaiah, et al., 2019; Pavoine et al., 2013). In line with the in-
creasing recognition that genetic diversity comprises an integral part
of biodiversity, for example, as stated in the definition of biodiversity
by the Intergovernmental Platform on Biodiversity and Ecosystem
Services (IPBES, Diaz et al., 2015), literature on how to incorpo-
rate phylogenetics as aspect of diversity is growing rapidly (Chao
et al., 2023). Accordingly, several authors have approached forest
community classification by accounting for both compositional data
and interspecies phylogenetic variability (i.e., Capelo, 2020; Hao
et al., 2021; Ricotta et al., 2020; Webb et al., 2002). As phylogeneti-
cally closely related species often share beneficial traits for specific
environments, discriminating assemblages based on phylogenetic
distances can serve as a proxy for classifying forest communities ac-
cording to functional roles, environmental diversity, and conserva-
tion value (Faith, 2013; Gilbert & Parker, 2022; Hawkins et al., 2014;
Padullés Cubino et al., 2021; Pavoine, 2016; Pavoine & Ricotta, 2014;
Tucker et al., 2017). Hao, Ganeshaiah, et al. (2019) demonstrated that
different patterns emerged if interspecies taxonomic distances were
considered for the classification of global forest communities using
the Discriminating Avalanche index (Ganeshaiah & Shaankar, 2000).

On a smaller scale, National Forest Inventories (NFls) provide
systematic and periodical observations of tree species abundances
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based on permanent sample units on a country-wide level (Corona
et al., 2011). The continuous adaptation of variables assessed
during NFIs highlights an increasing emphasis on aspects of biodi-
versity, enabling ecologists to investigate potentials and limitations
of the thus provided data (Alberdi et al., 2019; Corona et al., 2011;
Didion, 2020; McRoberts et al., 2009). Incorporating phylogenetic
diversity of species assemblages extends the perspective on diver-
sity in this context and bears the potential to deepen our under-
standing of the complex interactions among woody species over
large geographical scales.

In the present study, we compare the performance of two dis-
similarity indices for the discrimination of forest woody species as-
semblages when applied to large-scale forest inventory data such as
the dataset of the first NFI of Georgia. To this end, we applied unsu-
pervised clustering to the obtained dissimilarity matrices based on
a conventional and a dissimilarity index that incorporates interspe-
cies phylogenetic distances, respectively. Apart from statistics for
internal evaluation of the resulting classifications, our comparison
considered the distribution of discriminated assemblages along bio-
geographic gradients. Based on the assumption that genetic variabil-
ity of co-inhabiting species provides a signal that sufficiently reflects
site-specific environmental determinants, we investigated whether
including this variable in the quantification of dissimilarity results in
an improved reflection of biogeographic gradients. To test the gen-
eral applicability, we incorporated the phylogenetic variability into
the classification of a large, real-world dataset and evaluated the

results considering cluster cohesiveness and overall interpretability.

2 | DATA AND METHODS

We compare two dissimilarity indices for the classification of woody
species assemblages when applied to NFI data of Georgia. Adhering
to the methodological approach underlying the data, we focus on
woody species, that is, all recorded species that meet the speci-
fied target diameter at breast height (DBH, at 1.3m, MEPA, 2018).
Consequently, we are referring to woody species even if only spe-

cies is written hereafter.

2.1 | Studyarea

Georgia is located between the Southern Slopes of the Greater
and the Northern part of the Lesser Caucasus, between 41°07’ -
43°35'N and 40°04’ - 46°44'E (Fischer et al., 2018). The forests
of Georgia host large shares of endemic species and form part of
the Caucasus biodiversity hotspot (Joppa et al., 2011; Myers, 2003).
Existing forest formations range from Alpine coniferous forests
dominated by Abies nordmanniana (Steven) Spach. and Picea orientalis
(L.) Peterm. to open juniper woodland (dominated by Juniperus poly-
carpos excelsa subsp. polycarpos (K. Koch) Takht. and J. foetidissima
Willd.), encompassing further thermophilus to xerophytic mixed oak
forest (Quercus petrea subsp. iberica (Steven ex M. Bieb.) Krassiln.,
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FIGURE 1 Cluster plot configuration of the first National Forest
Inventory of Georgia. Each cluster consists of three subplots for
tree assessment within three concentric circles according to the
measured diameter at breast height (DBH, at 1.3m, MEPA, 2023).

Carpinus betulus L., and C.orientalis Mill.), Colchic alder carrs which
are dominated by Alnus glutinosa subsp. barbata (C. A. Mey.) Yalt. and
oriental beech (Fagus orientalis Lipsky) and hornbeam-oriental beech
forests (Bohn et al., 2007; Dolukhanov, 2010; Fischer et al., 2018;
Nakhutsrishvili et al., 2021; Novak et al., 2023).

2.2 | Forest community data

Between 2018 and 2021, Georgia implemented its' first NFI based
on a systematic sampling grid of 3.6 x3.6km with a randomly se-
lected origin. Sampling units consist of cluster plots (0.21ha) con-
taining three subplots of 0.0.7 ha each. These subplots are arranged
in an L-shaped configuration with a distance of 100m along both
axes (Figure 1). As 18% of the country's territory is currently not ac-
cessible for government officials due to an ongoing political conflict
(MEPA, 2023), clusters were sampled on approximately 74% of the
national forest area (Figure 2).

2.21 | Assessment of Woody species

Woody species were recorded per subplot on three concentric
nested subplots according to any stems' respective DBH. Stems with
DBH 2 30cm were recorded on the largest plot (r=15m). Stems with
DBH =15 and =8cm were recorded on the inner nested plot radii
of 10 m radius and 5m, respectively (Figure 1). Numerous variables
were recorded per woody species, along with the polar coordinates
of the stem axis, species, and DBH (MEPA, 2018).

From the entire NFI data set (N=2006), all accessible clus-
ters pertaining to the locally applied land use class “Forest” and

sub-classes “Tree covered area” or “Fire affected forests” were
selected for analysis (MEPA, 2018). Subplots with recorded inter-
sections with a forest boundary (“slopover sample plots”) were ex-
cluded to avoid including samples with extreme outliers regarding
species richness due to edge effects (Willmer et al., 2022). Clusters
containing species observations that were not unambiguously iden-
tified at species level, for example, Deciduous spp. and Genera spp.,
were omitted because a precise quantification of the cophenetic
distances along the phylogenetic hierarchy is not possible. Clusters
containing subplots without woody species observations were ex-
cluded. Our sample consists of all cluster plots comprised of obser-
vations from three subplots (n=1059, henceforward referred to as
“samples”), which represent 53% of all clusters. Figure 2 provides an
overview of the spatial distribution of samples used for the analysis.

After reprojection of sample locations to UTM38N, WGS84
(EPSG: 32638), sample elevations [m above sea level] were derived
from the digital elevation model (DEM) provided by Shuttle Radar
Topography Mission (SRTM, Farr et al., 2007). Elevation values were
calculated as the median of all raster cell values (30x30m) con-
tained in or crossed by the circular subplot area (r=15m +recorded

GPS error [m]) of the southwestern subplot.

2.2.2 | Species diversity data

Diversity measures are usually based on data representing the com-
positional variation between species (i.e., occurrence and abundance)
in an assemblage (Ricotta et al., 2021). Forest species communities
may display similar compositional characteristics, in terms of counts
of observed species and respective individuals. However, species can
be represented by large numbers of small-diameter trees, or stems
belonging to the same individual, or fewer individuals but with sig-
nificantly large relative shares of total basal area. Hence, abundance
estimates based on counts of individuals do not take significant differ-
ences in the size structure of occurring species into consideration and
may result in distinct evenness profiles. We used mean basal area (BA,
m?/ha) per species and cluster plot as species abundances to account
for the variation in size of the constituents. By weighting compositional
data using BA, we incorporate valuable structural information that con-
siders site occupation per species for the quantification of p-diversity
(de Caceres, Coll, et al., 2019; McRoberts et al., 2009; Staudhammer
& LeMay, 2001; Yao et al.,, 2019). Consequently, BA of all living stems
was aggregated per cluster plot and species and divided by 3 to obtain
mean BA estimates per sample (de Caceres et al., 2015; MEPA, 2018).

2.3 | Analysis
2.3.1 | Nomenclature
Spelling and nomenclature of all recorded species were standardized

with the Taxonomic Backbone databases of World Flora Online (WFO
DB, Kindt, 2020) and the Global Biodiversity Information Facility (GBIF
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FIGURE 2 Locations of samples used from the National Forest Inventory of Georgia, n=1059. Samples (black dots) consist of accessible
cluster plots of equal sample size (three subplots) located inside forests that are not intersected by forest boundaries and contain only
records of taxa identified at species level. Dashed lines mark the boundaries of inaccessible areas from where no field data were obtained.

Secretariat, 2021). In cases where species listed in the NFI data did
not yield an unequivocal match in the WFO DB, corresponding records
were harmonized with Lachashvili et al. (2022) and the nomenclature
of the World Plants database (https://www.worldplants.de) to derive
names for all species ranked as taxonomically accepted.

2.3.2 | Phylogenetic interspecies distances

A phylogenetic tree encompassing all observed species was con-
structed by matching the harmonized species list with a mega phy-
logeny containing 72,570 species of vascular plants according to the
World Plants database (GBOTB.extended.WP.tre, Jin & Qian, 2022).
The backbone mega phylogeny is based on the species-level phylog-
eny for vascular plants derived from gene sequencing from 7 gene
regions and 39 fossil calibrations created by Zanne et al. (2014),
which was updated and expanded by Jin and Qian (2022). Following
the authors' recommendation to consolidate taxa below species
level (e.g., sub-species) with the respective parental species, five in-
fraspecific taxa were combined with their parental species, resulting
in the lowest taxonomic unit being species level (Figure 3). From the
thus created ultrametric phylogenetic tree (Jin & Qian, 2019; Qian
& Jin, 2016; Smith & Brown, 2018), cophenetic distances, that is,

the total branch length connecting each pair of species at the termi-

nal nodes of the respective phylogeny, were calculated (Bevilacqua

et al., 2021; Hao, Corral-Rivas, et al., 2019; Kling et al., 2018).
Interspecies phylogenetic distances were normalized within a

<1]

square matrix that contained pairwise distance values [O<distph <

between each pair of species.

2.3.3 | Dissimilarity indices

The Discriminating Avalanche index (dA equation [2] in Table 1) de-
veloped by Ganeshaiah and Shaankar (2000) and described by Hao,
Corral-Rivas, et al. (2019) considers interspecies dissimilarity by
multiplying absolute differences in frequencies (numerator in BC) of
species i and j in two samples with a specific distance between spe-
cies i and j. We use the phylogenetic distances to weigh the differ-
ence in mean basal area between i and j. Table 1 shows the formulas
of both indices used in this study.

As the maximum dissimilarity value obtained by dA:(l - %)
where n equals the number of species, the resulting dissimilarities
were normalized via x, = X min Wwith Xmin @Nd X representing

norm
X ax — ern

the minimum and maximum value of dA, respectively (Hao, Corral-

Rivas, et al, 2019; Legendre & Legendre, 2012). Consequently,
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FIGURE 3 Phylogeny for 87 species listed in the data sample of the National Forest Inventory of Georgia. Interspecies phylogenetic
distances were calculated as total branch length connecting each pair of species at the terminal nodes of the hierarchy. For respective

branch lengths, see Figure S1.

pairwise dissimilarity values of the two resulting dissimilarity ma-
trices (1059 x 1059) range between O and 1. Pairwise values of 1
imply that two samples are completely different as they do not share
any species, whereas values of O indicate two samples are equal in
terms of compositional characteristics (Chao et al., 2005; Legendre
& Legendre, 2012; Leyer & Wesche, 2008). Prior to clustering,
a Mantel test (Mantel, 1967) was performed to check for existing
correlations between the two dissimilarity matrices. As the pairwise
dissimilarities are not normally distributed, and non-linear relation-
ships between the pairwise dissimilarity values exist, we used the

Spearman correlation coefficient with 9999 permutations (Legendre
& Legendre, 2012).

2.3.4 | Isometric partitioning

The 1sopam algorithm (Schmidtlein et al., 2010) available in package
“isopam” (v. 2.0, Schmidtlein et al., 2024) combines isometric feature
mapping and partitioning around medoids (data points that are most
centrally located within each cluster with the sum of dissimilarities
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between medoids and all other data points being minimized) in order
to build clusters with a maximum number and fidelity of indicative
species. The isomap ordination, which is based on geodesic distances
strongly determined by neighborhood definitions, is repeated with
different parameter settings. The result is clustered, and the clusters
are evaluated according to the criteria mentioned above. These cri-
teria are similar to those used when structuring phytosociological ta-
bles (Abe, 2021). In this, and the use of an ordination, Isopam is similar
to Twinspan (Hill, 1979), but does not involve internal readjustments,
uses geodesic distances (taking account of “neighbors of neighbors”
in feature space), and works on multidimensional ordination spaces.
It has been previously used for large-scale classifications of forests
(Cabidoetal., 2018; Cerny et al., 2015; Zeballos et al., 2020) and other
systems (Feilhauer et al., 2021; Hein et al., 2014; Peterka et al., 2017,
Yu et al., 2022). Isoram can be run both unsupervised and supervised
(with reference plots). For the current study, the original source code
was extended to support dA (Capelo, 2020) and executed on a com-
puter with two Intel Xeon CPUs (E5-2630 v3) and 256 GB RAM using
R Statistical Software (v 4.3.2; R Core Team, 2023). To ease com-
parability, we set the maximum number of hierarchy levels to four
for both classifications. Subsequently, we extracted lists of indicator
species frequencies with levels of significance according to Fisher's
exact test for each cluster using the Isotas function, which is part of
the “isopam” package. Fidelity (“equalized phi,” Tichy & Chitry, 2006)
together with Fisher's exact test if the observed frequency is not
attained by chance are the criteria for qualifying as an indicator spe-

cies in Isotas (Schmidtlein et al., 2024).

2.3.5 | Evaluation of clustering

To evaluate the correspondence between the original sample dis-

similarities and dendrogram distances, we calculated cophenetic

TABLE 1 Dissimilarity indices used in this study.

Bray-Curtis dissimilarity
index (1957)

YAl (1]
BC= L)
Discriminating Avalanche

(Hao, Corral-Rivas,
et al., 2019)

dA= 230, 37 Adart (2]

0=

Note: With dﬂ: phylogenetic distance between species i and j (d,-,:dj,-
and d“=0); Af‘b=absolute difference between the frequencies of
speciesiin plotsaandb (|pf’ - pf’| ; n=total number of sample plots;
pf,pf’: relative frequencies of speciesiin plots a and b.

TABLE 2 Summary statistics of

. Species rich
compositional data of cluster plot pecies richness
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correlation coefficients for each hierarchical cluster structure
(Lapointe & Legendre, 1995; Legendre & Legendre, 2012). The modi-
fied Rand index was used to evaluate clustering performance based
on the consistency between partitions (Legendre & Legendre, 2012).
Cluster homogeneity was evaluated via within sum of squares (WSS,
Hao, Ganeshaiah, et al., 2019) and a comparison of the average dis-
tance between and within clusters using the function cLUSTER.STATS
of the R package “fpc.” To assess relevance of the hierarchies, we
compared indicator species and the resulting distributions of relative
BA among partitioned groups (de Caceres et al., 2015). Evaluation of
correspondence to biogeographic units was based on a comparison
of elevational ranges derived from the DEM between groups and the
spatial distribution of clusters in relation to forest vegetation-type
classifications presented by Bohn et al. (2007). We applied the non-
parametric Kruskal-Wallis test to check for significance between
groups due to nonnormality in the distribution of elevation values
within groups (Shapiro test). Henceforward, we are referring to the
initial partition at the lowest level of the hierarchy as classes, to the
intermediary partitions as branches, and the resulting clusters as

assemblages.

2.3.6 | Data analysis

The analysis was conducted in R Studio version 2023.09.0-
463 (RStudio Team, 2020) using R Base version 4.3.0 (R Core
Team, 2023). Harmonization of nomenclature was realized via the
R package “Worldflora” version 1.13-2 (Kindt, 2020), and the pack-
age “V.phylomaker2” version 0.1.0 was used to match observed
species with the phylogenetic backbone (Jin & Qian, 2022). The
Mantel test and BC dissimilarities were calculated using the pack-
ages “vegan” version 2.6-4 (Oksanen et al., 2022). A custom func-
tion was embedded in the adjusted clustering algorithm of the
corresponding R package “isopam” version 1.2.0 for dA (Schmidtlein
et al., 2022). Clustering metrics were obtained using the R packages
“mclust,” version 6.0.0 (Scrucca et al., 2016), and “fpc,” version 2.2-
10 (Hennig, 2023).

3 | RESULTS

Compositional data of n=1059 samples containing 65,818 living
tree observations were analyzed (Table 2). In total, 87 species were

represented by 52 genera, 29 families, 16 orders, and two classes.

Mean basal area per species [m?/ha]

observations of the National Forest n Min

Inventory of Georgia.
1059 1

Max Mean?® CV% Min Max Mean?® CV%
4.96 43.08 2.54 79.02 304 42.06
(+2.14) (+12.79)

Abbreviations: CV%, Coefficient of variation; Var., Variance.

#Means are denoted with standard deviation in parenthesis.
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Angiosperms were represented by 76 species (in 87.4% of all sam-
ples) across 26 different families. Fagaceae (six species) accounted
for the highest number of observations followed by Betulaceae with
10 species (25.3% and 23.2% of all samples, respectively), Rosaceae,
and Sapindaceae (15 and 6 species, in 11.4% and 10.3% of all sam-
ples, respectively). In contrast, gymnosperms (10.3%) were repre-
sented by 11 species, belonging to three different families, with the
largest family being Pinaceae (6 species) followed by Cupressaceae
and Taxaceae (4 and 1 species, respectively). Gymnosperms were

observed in 33% of all samples.

3.1 | Pairwise dissimilarity

Mantel statistics (r=.613 with p=.0004) indicated a significant posi-
tive correlation between the two dissimilarity matrices. Pairwise dis-
similarities according to dA ranged from 0.23 to 0.87, which is almost
double the range of that of BC (0.63 to 0.99, Table 3).

Consequently, the mean dissimilarity between samples (0.79
for BC and 0.38 for dA, respectively) and thus overall variation was
higher for BC than for dA, as for the latter, frequencies of dissimilar-
ity values <1 were more evenly distributed, with very few pairwise
dissimilarities of 1. Frequency distributions of sample dissimilarities
are provided in Figure S2.

3.2 | Discrimination of assemblages

The hierarchical clustering based on BC (HCy) distinguished 23 as-
semblages (clusters) across four hierarchical levels (I1-1V) and classes.
Within HC, samples were partitioned into 10 and 17 branches at
levels Il to lll, respectively. The hierarchical clustering based on dA
(HCdA) contained 10 and 15 branches at levels Il to Il and resulted
in 20 distinct assemblages over four levels and classes. Two assem-
blages were not partitioned further below level Il in HC,, (Figure 4).
The number of samples per assemblage ranged from 6 to 152 for
HCg (Mean: 82+91.5) and 3 to 163 for HC,, (Mean: 106.1+119.9),
respectively. For HCy, the number of observed species per assem-
blage ranged from 12 to 54. For HC,,, one assemblage contained
only four species, whereas two assemblages encompassed 53
species.

The cophenetic correlation coefficients were 0.492 and 0.442
for HCy. and HC,, respectively. The obtained adjusted Rand index
of 0.317 suggests a modest level of similarity between the cluster-
ing results. Average distances within clusters ranged from 0.671
to 0.875 and 0.196 to 0.49 for HCy. and HC,, respectively. Mean

Index n Min Max Mean?®
BC 1059 0.627 0.998 0.789 (+0.099)
dA 0.225 0.87 0.383(+0.147)

Abbreviations: CV%, Coefficient of variation; Var., Variance.
?Means are denoted with standard deviation in parenthesis.

distance between clusters was 0.789 for HC,. and 0.384 for HC,.
WSS values of HC,. amounted to 344.13 and 112.92 for HC,.

3.2.1 | Evaluation of cluster hierarchies

To evaluate the performance of BC and dA for clustering, we com-
pared the resulting classes, groups, and assemblages considering
internal metrics of the partitioning process. A total of 77 and 68 in-
dicator species were listed for all partitions based on BC and dA,
respectively. For a characterization based on indicators and respec-
tive frequencies, only highly significant (p <.001) species with total
frequencies 250% were considered, unless indicated otherwise.
Indicator species for both partitions were A.nordmanniana, A.cap-
padocicum, A.glutinosa, C.betulus, Carpinus orientalis Mill., C.sativa,
F.orientalis, P.orientalis, Q. petraea subsp. polycarpa (Schur) Raus, and
Tilia rubra subsp. caucasica (Rupr.) V. Engl. In addition, Fraxinus excel-
sior L. is an indicator for HC . The total number of indicators with
frequencies of 100% was 24 and 8 for HC;. and HC ,, respectively.
Class 1 of HC,. is characterized by a high frequency of F.orientalis
(99%), whereas for HC,,, F.orientalis and C.betulus are listed with
frequencies of 93% and 75%, respectively. In class 2, the highest fre-
quencies are observed for Q. petrea (87%) and C. betulus (82%). P.ori-
entalis (68%), F.orientalis (57%), and A.nordmanniana (53%) are the
most frequent indicator species in class 3, whereas for class 4, these
are A.glutinosa (87%) and Castanea sativa Mill. (61%). In HC,,, highly
significant indicators in class 1 are F.orientalis (93%) and C.betu-
lus (75%), whereas in class 2, these are Q.petrea (84%), C.orienta-
lis (61%), and Fraxinus excelsior L. (50%). In classes 3 and 4 of HC,,
P.orientalis (79%), A.nordmanniana (64%), A.glutinosa (92%), and
C.sativa (59%) represent highly significant indicators in classes 3 and
4, respectively. Based on these characteristics, we labeled the four
main classes according to predominant relative BA and are referring
to these for ease of readability henceforward as follows: class 1 is
characterized by a dominance of Fagus, class 2 is Carpinus-Quercus
dominated, and classes 3 and 4 are Pinaceae and Alnus-Castanea
dominated, respectively. Synoptic tables of both cluster hierarchies
(Figures S3 and S4, respectively) and a detailed description of indica-
tor distributions per partition below level | for HC,, (Appendix S1)
are provided as appendices.

3.2.2 | Elevation and spatial distribution

To evaluate the correspondence of assemblages to existing biogeo-

graphic units, we compared the distribution of sample elevations

TABLE 3 Summary statistics of

Var. CV% . T

mean pairwise dissimilarities between
0.01 12.55 samples based on Bray-Curtis (BC) and
0.022 38.38 Discriminating Avalanche (dA) of the

National Forest Inventory data of Georgia.
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FIGURE 4 Resulting cluster hierarchy
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from the isopam partitioning (dendrogram)
and pairwise dissimilarities of 1059
samples from the National Forest
Inventory data of Georgia. Dissimilarities
are based on the Bray-Curtis (a) and
discriminating avalanche (b) index. The
cell grid is colored according to the
dissimilarity values between samples
(rows and columns). In total, 23 and 20
assemblages were discriminated for
Bray-Curtis and discriminating avalanche,
respectively. At level Il of the hierarchical
clustering based on the discriminating
avalanche index, 10 subgroups distributed
over four classes were labeled according
to dominance of relative basal area.

| ( |
R
AL A

2¢ Quercus spp.

Subgroup / Dominance
1a Carpinus betulus - Fagus orientalis
1b Fagus orientalis

2a Quercus petrea - Carpinus spp.
2b Carpinus orientalis - Quercus spp.

2d Juniperus spp. - Pistacia atlantica

3a Abies nordi and Picea ori
3b Pinus sylvestris and Picea orientalis

4a Castanea sativa - Alnus glutinosa
4b Alnus glutinosa

within assemblages. Within the four classes in both hierarchies, sam-
ple elevations are distributed similarly. Samples within the Fagus-
dominated group (class 1) cover a wide elevational range (<750m
to >2000m asl), however, in HCy, 81% of all samples are located
between >1000 and 2000m asl, whereas in HC,,, most samples
(77%) are located within the lower range of >750 and 1750m asl.
Samples with Carpinus-Quercus dominance are predominantly lo-
cated at elevations <1250m in both hierarchies. The majority of
Pinaceae-dominated samples lie above 1250m asl, whereas all of

Alnus-Castanea-dominated samples are situated below 1250m asl,
with the majority (70%) positioned below 750m asl for HCy. and
HC,,, respectively. Overall classes, except for the Fagus-dominated
group, agglomerations of sample elevation values are more pro-
nounced within assemblages of HC,, than of HCy.. The applied
Kruskal-Wallis test revealed highly significant differences (p<.001)
between assemblages for both hierarchies (Figure 5).

Spatial distributions of discriminated assemblages show
a general alignment along biogeographical units. Alnus
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FIGURE 5 Sample elevations [m asl] from the National Forest Inventory in Georgia per resulting cluster for Bray-Curtis (a) and
discriminating avalanche (b). The boxes represent interquartile ranges and respective median values (solid line) of sample elevations within

each clustered assemblage (colored dots). Resulting p values of the X2

Kruskal-Wallis

test are p=2.899e-113 and p=1.674e-115, with confidence

intervals between 0.544, 1 and 0.538, and 1 for assemblages in the hierarchical clustering based on BC and dA, respectively (n=1059).

glutinosa-dominated assemblages agglomerate in the humid Alder
carrs of Eastern Georgia (Nakhutsrishvili, 2013), whereas the
Pinaceae-dominated assemblages are predominantly located in
montane to subalpine areas of the Lesser and Greater Caucasus.
Assemblages dominated by mixed Quercus spp., Carpinus spp., and
F.orientalis are situated at intermediate ranges. Those with high
shares of BA of Quercus spp. are limited to lower and drier areas,
while F.orientalis-dominated assemblages are located at higher
elevations. Interestingly, the five samples assigned to Juniperus-
Pistacia woodland have been clearly discriminated within HC,
that are located in the semi-arid areas of the southwest of the
country (Nakhutsrishvili et al., 2021).

To visually evaluate the spatial distribution of discriminated as-
semblages, we cut HC,, at level Il because 70% of the partitions
are not partitioned further below level Il, resulting in 10 clustered
assemblages (Figure 4). Based on characteristic indicator species,
relative BA distributions, and occupied elevational zones, we labeled
each assemblage accordingly and mapped the respective sample lo-
cation in relation to areas of forest vegetation-type classifications
according to Bohn et al. (2007) (Figure 6).

4 | DISCUSSION

Parting from the assumption that genetic variation of co-inhabiting
species provides a signal that reflects site-specific environmental
determinants, we contrast the performance of a species-neutral dis-
similarity index (BC) with an index that considers interspecies ge-
netic variation (dA) when used in unsupervised classification. Our

findings indicate that incorporating interspecies phylogenetic dis-
tances in the quantification of dissimilarities results in more coher-
ent and ecologically meaningful classifications of large-scale forest
inventory data with high p-diversity.

The Mantel statistics indicate a significant positive correlation
between the dissimilarity matrices obtained for each index (r=.613,
with p=.0004), implying that essential patterns of variation among
samples are maintained in the respective quantifications. However,
frequency distributions and visual inspection of dissimilarities
(Figure 4) show overall higher dissimilarity values based on BC, re-
flecting its' sensitivity to species turnover. Whereas the resulting
cluster hierarchies maintain a certain level of agreement (cophenetic
correlation=.511), the fact that a correlation of one signifies com-
plete similarity suggests that the dissimilarity signal resulting from
dAis not redundant. Clustering based on dA performs slightly better
in preserving the original dissimilarities according to the respective
cophenetic correlation coefficients of .492 and .442 for HC,. and
HC,,, respectively. Dendrogram topologies, cluster validation met-
rics (i.e., WSS of 344.123 and 112.917 for HC,. and HC,, respec-
tively), and distributions of relative BA among assemblages indicate a
higher degree of compactness, separation, and yield, generally more
conceivable clustering results based on dA. Overall, HC , provided
enhanced general interpretability and succeeded in discriminating
clearly distinguished assemblages regarding compositional charac-
teristics, that is, the P.atlantica and Juniperus woodlands of the semi-
arid lowlands of Southeastern Georgia. These results support the
concept that an extension of variables considered for quantification
of dissimilarity leads to a refined conception for diversity classifica-
tion if genetic variation is considered and are in line with the findings
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Forest Formations (adapted from Bohn et al., 2007)

I Colchic tall sedge reeds

I Colchic alder carrs

I Colchic Oriental beech forest with evergreen undergrowth

[ Hardwood alluvial forests

[ Hornbeam-chestnut-oak forests with A. velutinum

B Hygrophylous mixed oak forests

I Thermophilous mixed hornbeam-oak forests with Q. iberica and C. orientalis
[ Meso- to hygrophilous mixed hornbeam-chestnut-oak-beech forests with evergreen undergrowth
[ Montane deciduous forests with £ orientalis

[ High montane coniferous forests

[T High montane coniferous forests with evergreen understory

Assemblages

Mixed Carpinus betulus - Fagus orientalis forests (Low elevational zone)

Fagus orientalis dominated (Submontane to Alpine zone)

Mixed Quercus petrea - Carpinus forests (Low elevational zone)

Mixed C. orientalis - Quercus forests (Low elevational zone)

Quercus forests (Low elevational zone)

Juniperus - Pistacia atlantica woodland

Abies nordmanniana and Picea orientalis forests (Montane to Alpine zone)

Pinus sylvestris and Picea orientalis forests (Montane to Alpine)

Mixed Castanea sativa - Alnus glutinosa forests (Low elevational to Montane zone)
Alnus gluti forests (Low elevational zone)

0020000000 E@

] Montane to altimontane pine forests with P. sylvestris var. hamata

] Western Caucasian pine forests

[ Shrub- and open woodlands with Betula and A. heldreichii subsp. trautvetteri

[] Shrub- and open woodlands with Q. pontica, Rh. ungernii, Rh. caucasicum

[] Shrub- and open woodlands with Rhododendrum caucasicum

[ Southern lowland-colline dwarf sub-shrub deserts with S. ericoides and S. nodulosa
[ Southern lowland-colline dwarf sub-shrub deserts with wormwood and 4. fragrans
[ Subalpine scrub and shrub forests

[] Subalpine shrub vegetation with Q. pontica

[ Juniper open woodlands

A No forest 0 100 km

FIGURE 6 Schematic overview of spatial distributions of discriminated assemblages and main forest formations adapted from the
vegetation-type classification by Bohn et al. (2007). Assemblages are colored according to the respective palette of the four main classes
of the cluster hierarchy (blue, beige, red/orange, and green for dominance of Fagus, Carpinus-Quercus, Pinaceae, and Alnus-Castanea,

respectively).

of Hao, Ganeshaiah, et al. (2019) and other authors (Capelo, 2020;
Pavoine & Ricotta, 2014; Ricotta & Pavoine, 2015).

In

As BC represents a “species-neutral” diversity index sensu Chao
et al. (2010), which assumes that all observed species contribute
equally to overall diversity, and species turnover constitutes the
predominant signal for discrimination, reflected by the significantly
higher number of indicator species with frequencies of 100% (24
and 8 for HCy. and HC,,, respectively). Conversely, as dA dissim-
ilarity considers species as phylogenetic units, a complete species
turnover does not necessarily result in maximum dissimilarity values
between two sites because differences in abundance are weighted
by the genetic proximity between species. Assuming that the ge-
netic signal of co-occurring species reflects niche occupation within
given ecogeographical areas (Hawkins et al., 2014), the thus refined
dissimilarity signal appears to respond to biogeographical gradients
in a more interpretable manner.

The validity of the presented approach relies on precise mea-
surements of tree diameters and accurate species identification
in the field. While traditional forest science prioritized genus-
level information, growing emphasis on diversity-related issues

prompted forestry experts to be increasingly trained to provide
accurate species identification. The related uncertainties are not
design-based issues but apply to all ecological surveys requiring
botanical expert knowledge to ensure taxon detection and vali-
date observations on species level (Lam & Kleinn, 2008; Roswell
et al., 2021). Overall, only 2% of all cluster plot observations in-
cluded individuals that were not identified to species level and had
to be excluded. By considering only cluster plot observations of
equal sample size (m=3, 64% of all cluster plots) and the exclusion
of subplots overlapping with the forest boundary (16%), our anal-
yses are based on a subsample of the NFI data, representing 60%
of all cluster plot observations. Hence, conclusions drawn from
the presented results should consider, for example, that species
exclusively occurring at forest boundaries are excluded. Potential
limitations to validity arise from field sampling protocols, as over-
all subplot size, or sampling effects due to the nested subplot
structure (with respective target DBH as inclusion criteria), may
introduce bias to the quantification of dissimilarity (de Caceres,
Martin-Alcéon, et al.,, 2019). Accordingly, observed numbers of
species should be regarded as proxies of true species richness,
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especially if nested sample plot designs are applied that are based
on specific diameter thresholds (Lin et al., 2020). Overall species
richness can be assumed to be higher with the contributions of
smaller-diameter trees being neglected (Corona et al., 2017).
Aggregations to cluster plot level could potentially translate to
generalization effects and the loss of information on site-specific
environmental factors on smaller scales. The resulting magnitude
of impact on the presented results, however, is likely to vary ac-
cording to forest type, topographical condition, and management
regime (McRoberts et al., 2009).

With continuing advances in whole-genome phylogenetics
and functional genomics, information on phylogenetic diversity
is continuously improving (Kling et al., 2018). Access to compre-
hensive and standardized phylogenetic mega trees to quantify
species genetic relationships is readily available and their appli-
cation to investigate variation in community compositions is be-
coming increasingly more common (Gilbert & Parker, 2022; Jin &
Qian, 2022).

Our results are of relevance for a wide range of classifications
of ecological entities according to conservation value, mapping of
ecological communities, or other discriminative objectives. The
method aligns standard canopy layer data from forest invento-
ries with natural vegetation types according to Bohn et al. (2007),
but harmonization with existing forest typologies is limited due
to methodological differences, such as the structural vegetation
layers considered and the abundance units recorded (e.g., Chytry
et al., 2020; Mucina et al., 2016). Investigating the degree to which
the resulting clusters can be aligned with defined syntaxonomical
units is an interesting area for future research, especially for the
identification of diagnostic species from the shrub and herb layers
to refine classifications and the development of practical assess-
ment procedures.

The integration of genetic signals of forest communities during
characterization has wide implications for respective approaches
to classification. As a proxy indicative of the relationship between
species composition and site conditions, interspecies genetic vari-
ation extends the scope of forest diversity mapping, management,
and monitoring to account for alterations inconceivable by conven-
tional compositional variables. Beyond the potential advantage of
streamlining processes by applying unsupervised classification to
large datasets, our approach is straightforward and can be readily
replicated with comparable data, provided entities are assessed in
a systematic manner. Ecological studies are frequently less system-
atic and constrained by temporal and spatial scales due to the dy-
namic nature of communities over time and space. This holds true
to a lesser degree for assessments of woody species communities
within the context of national forest monitoring systems, which are
resampled in fixed intervals. Hence, from a practical point of view,
the resulting network of observational studies provides a valuable
framework for a systematic and recurring collection of ecological
data, as additional costs and efforts can be embedded into existing
structures. Extending the scope of study objectives to systematic
assessments of a wider range of botanical and potentially zoological

taxa could provide powerful and statistically robust data for analy-
ses of organisms, structural components, and the interrelationships

between them.

5 | CONCLUSIONS

We present an approach to discriminate species diversity from
NFI data of forest communities with high -diversity and species
turnover. The novelty of the method lies in considering interspe-
cies genetic variability for the quantification of diversity and sub-
sequent classification using an unsupervised clustering algorithm
on a country-wide scale. We demonstrate that large-scale forest in-
ventory data can be classified in an ecologically meaningful manner
based on mean basal area estimates per species and consideration of
phylogenetic dissimilarity between samples. The thus obtained dis-
crimination of species assemblages provides a differentiated picture
of existing diversity patterns along expected biogeographical gra-
dients without the need for additional assessments. This approach
aligns with a biodiversity concept considering genetic diversity and
could potentially be standardized for application to similar datasets,
provided systematic data assessment is granted. The presented re-
sults should be considered as a step in evaluating to which extent
large-area forest inventory data could provide a backbone for ex-
tended biodiversity monitoring systems, as discrimination of woody
species assemblages allows for systematic delineation of forest eco-

systems if genetic variation is considered.
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ABSTRACT

Organizing species assemblages based on compositional characteristics enables the identification of ecologically
meaningful patterns in biodiversity and supports forest diversity monitoring, conservation, and management. In
this context, ecophylogenetics offers powerful opportunities by exploring how evolutionary relationships be-
tween species reflect community distributions within ecological space. Using national forest inventory data of
Georgia (Sakartvelo), we classify woody species assemblages based on interspecies phylogenetic dissimilarity and
evaluated whether cluster membership could be predicted from multivariate Earth observation data describing
site-specific environmental conditions. Principal components of 30 explanatory variables were used to model
class membership across three sample groups with increasing disturbance levels. Prediction accuracy reached
53.6 % (OOB error 46.4 %) for undisturbed samples, 67.5 % for disturbed (OOB 32.5 %), and 45.7 % for
disturbed samples with neophytes (OOB 54.3 %), based on 12, 6, and 5 clusters, respectively. The decline in
classification accuracy with increasing disturbance reflects compositional homogenization and a weakened
alignment of the phylogenetic signal with environmental gradients. Our findings demonstrate that incorporating
phylogenetic variability in the classification of woody species assemblages enables coherent clustering and
effectively captures distributions along environmental gradients particularly under low-disturbance conditions.
This approach offers a solid framework to improve forest community classification and to support sustainable
forest and conservation management.

1. Introduction

monitoring systems by providing systematically assessed data on com-
munity composition, stand structure and characteristics such as dead

Forest ecosystems support terrestrial biodiversity by providing
habitat and sustaining essential ecological processes. Reflecting this
importance, recent approaches have advanced forest biodiversity
monitoring through the integration of ecological indicators into national
forest inventories (Gillerot et al., 2021; Heym et al., 2021). Large scale,
repetitive forest inventories support comprehensive biodiversity

wood, tree habitats and other ecological components outside the scope
of conventional forestry objectives (Newton and Kapos, 2002; Chirici
et al., 2012; Godoy and Rueda, 2016; Reise et al., 2019; Ette et al.,
2023). Data generated by these assessments enable the quantification of
various aspects of community diversity and temporal biodiversity
changes in forest ecosystems and are available worldwide (Winter et al.,
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2008; Corona et al., 2011; Traub and Wiiest, 2020; Heym et al., 2021).
Woody species are the main contributors to biomass in forest ecosystems
and are a key component of forest biodiversity (Zhou et al., 2021). Forest
inventories usually record all woody species observations occurring
within a standardized sample plot area, according to predefined inclu-
sion thresholds (Henttonen and Kangas, 2015). Thus recorded woody
species assemblages represent subsets of the regional species pool
filtered through multiple abiotic and biotic mechanisms, like species’
habitat and dispersal limitations, and local dynamics, such as distur-
bances or species competing for space and resources (Pavoine and
Bonsall, 2011; Swenson, 2011b). Organizing woody species assemblages
according to shared compositional or other characteristics supports
conservation and forest management and increases our understanding of
community distributions across spatial scales (Hao et al., 2021). The
field of ecophylogenetics extends the scope of compositional charac-
teristics to the phylogenetic structure of species assemblages providing
means to infer the assembly mechanisms that shape community distri-
bution patterns from the phylogenetic relationships of their constituents
in a multidimensional ecological space (Davies, 2021).

The non-stochastic distribution patterns of woody species assem-
blages are shaped by assembly rules defined by scale-dependent envi-
ronmental drivers. At finer spatial scales (e.g., on sample plot or stand
level), co-occurring species are often distantly related, reflecting
limiting similarity and competitive exclusion (Cavender-Bares and
Wilczek, 2003). At coarser spatial scales however (e.g., across regions),
habitat heterogeneity becomes more pronounced and closely related
species tend to cluster due to niche conservatism, as environmental
filtering selects similar species suited to particular conditions (Webb,
2000; Webb et al., 2002; Holt, 2009; Ascanio et al., 2024). Thus, species’
phylogenetic dissimilarity reflects niche differences as a result of abiotic
constraints which interact with biotic factors that shape diversity pat-
terns (Gerhold et al., 2015; Kraft et al., 2015; Cadotte, 2017; Cadotte and
Tucker, 2017) and determine which species co-inhabit sites with similar
conditions, forming habitat specific communities (Weiher and Keddy,
2001; Webb et al., 2006; Norberg et al., 2019). The interrelation be-
tween increasing spatial distance and species or community dissimi-
larity is well established, and consistent with Tobler’s first law of
geography (Tobler, 1970). This relationship is attributed to the decrease
in environmental similarity along contemporary environmental gradi-
ents or dispersal limitations and niche width differences among taxa,
mediated by evolutionary diversification (Bosch et al., 2021; Kusumoto
et al., 2021). Consequently, the phylogenetic structure of species as-
semblages is spatially dependent and provides a proxy metric that
characterizes community responses to environmental conditions. In
ecology, this approach is used to disentangle the relative roles of envi-
ronmental filtering, competitive exclusion and biogeographical pro-
cesses that shape community structure (Webb et al., 2002; Emerson and
Gillespie, 2008; Xu et al., 2019; Davies, 2021). Since phylogenetic
dissimilarity reflects species’ functional traits, this approach offers po-
tential for distinguishing species compositions by organizing commu-
nities in a way that incorporates natural evolutionary processes shaped
by environmental filtering mechanisms. The notion that the inherent
genetic signal of species assemblages reflects abiotic site conditions
suggests that species ecological demands can be inferred from envi-
ronmental variables governing niche differentiation and community
distributions (Gilbert and Parker, 2022). Increasing our understanding
of the interrelations between evolutionary processes and niche devel-
opment bears significant potential for applications in ecologically sound
sustainable forest management and forest diversity monitoring (Davies,
2021).

In forest ecosystems, niche differentiation among woody species
assemblages arises from variations in species’ light, water, and nutrient
needs, as well as specific traits of seed dispersal strategies and responses
to disturbances and succession (Szymura et al., 2015; Lausch et al.,
2019; Akobia et al., 2022). Adaptive limitations result in often over-
lapping but distinct niche occupancies, causing species turnover along
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gradients. This turnover leads to gradual change of the phylogenetic
signal which, if quantified as dissimilarity, can serve as proxy to explain
assembly mechanisms and model resulting distribution patterns. At in-
termediate scales (i.e. landscape level), classifications based on gener-
alized species assemblages can effectively characterize community
distributions to enable modeling and mapping of species assemblages
through Earth observation (EO) data (Ferrier and Guisan, 2006; Feil-
hauer et al., 2011; Feilhauer et al., 2012; Kuenzer et al., 2014). The
growing availability of optical remote-sensing data with improved
spatial, spectral, and temporal resolution, and advanced data managing
tools enable cost-effective analyses of large areas at regular intervals
(Foody and Cutler, 2003; Gillespie et al., 2008; Rocchini et al., 2018).
When combined with systematic sampling across environmental gradi-
ents, it allows for comprehensive assessments of the relative influence of
climate, soil, geomorphology and dispersal limitations on species turn-
over (i.e., p-diversity) of forest communities (Hernandez-Stefanoni et al.,
2012). Examining the explanatory power of environmental gradients in
defining classes of species assemblages provides insights into the pro-
cesses that constrain patterns of community compositions and improve
predictive distribution mapping (Gilbert et al., 2024).

We use data from the first National Forest Inventory of Georgia
(Sakartvelo, GNFI), where a relatively high proportion of forest area
(44.5 %, MEPA, 2023) and a comparably high degree of conservation
regarding natural species distribution and diversity in the respective
biome (Novak et al., 2023; Stritih et al., 2024) provide a unique op-
portunity to link species diversity data with multivariate remote-sensing
proxies to test whether diversity patterns can be predicted via envi-
ronmental gradients within this complex forest ecosystem. We hypoth-
esize that at the regional scale, the composition of woody species
assemblages exhibits a distinct phylogenetic signal that reflects habitat
conditions and enables the prediction of assemblage membership from
site characteristics derived from EO data. To test this hypothesis, we
address the following research questions: i) Does hierarchical discrimi-
nation of compositional data, considering phylogenetic variability,
reflect ecological niche distribution along environmental gradients? ii)
Does increasing disturbance intensity influence the prediction accuracy
of species assemblages in classification models? iii) Does the relative
importance of environmental predictors differ for modeling woody
species assemblage membership across sample groups with varying
disturbance levels?

2. Data and methods

To understand how phylogenetically informed species classifications
reflect ecological patterns under varying disturbance regimes, we
applied a multistep approach combining hierarchical clustering with
classification modeling using environmental gradients derived from EO
data. By classifying GNFI subsamples according to quantitative distur-
bance intensities, we compare how disturbance shapes the resulting
cluster hierarchy, coherence and species-cluster relationships. After
reducing multicollinearity through principal component analysis (PCA)
of EO variable groups, we used the thematic principal components (PC)
to model cluster membership via Random Forest (RF) classification. We
evaluated prediction accuracy and variable importance across models to
examine how phylogenetically informed clustering reflects ecological
gradients and responds to disturbance.

2.1. Study area

Georgia lies between 41°07° - 43°35’N and 40°04° - 46°44’E and
borders the Greater Caucasus to the north and the Lesser Caucasus to the
south (Fischer et al., 2018; Nakhutsrishvili et al., 2023; Cortner et al.,
2024). The country is characterized by dominant hilly to rugged
mountainous terrain with roughly 55 % of the national area located at
elevations exceeding 1000 m above sea level (a.s.l.) and around 40 % on
slopes with > 20° inclination (Mikeladze et al., 2020). The
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predominantly mountainous topography of the country represents a
geographically diverse region with pronounced environmental gradients
that hosts species of independently evolving lineages (Tarkhnishvili
et al., 2012; Tarkhnishvili, 2014; Dering et al., 2021). The large number
of endemic species found within a relatively limited spatial extent,
render Georgia an area of high priority for conservation as part of the
Caucasus biodiversity hotspot (Zazanashvili et al., 2001; Myers, 2003;
Joppa et al., 2011; Mittermeier et al., 2011). The Greater and Lesser
Caucasus moderate Georgia’s climate, with mountainous regions expe-
riencing mean annual temperatures of —5 °C-10 °C and 800 — 1400 mm
precipitation (Keggenhoff et al., 2014). Rising to 1000 m a.s.l., the
central north-south running Likhi Range acts as a natural climatic
boundary that separates the humid, warm climate of Western Georgia
(13 - 15°C, <400 — >4000 mm) from the increasingly continental
climate of Eastern Georgia (10 - 13 °C, 500 - 600 mm, Denk et al., 2001;
Elizbarashvili et al., 2006). Existing forest associations range from
Alpine coniferous forests dominated by Abies nordmanniana (Steven)
Spach. and Picea orientalis (L.) Peterm. at higher elevations to open ju-
niper woodland (dominated by Juniperus polycarpos excelsa subsp. pol-
ycarpos (K. Koch) Takht. and J. foetidissima Willd.) distributed along the
drier areas in the Southeast. At lower elevations, Colchic alder carrs
(Alnus glutinosa subsp. barbata (C. A. Mey.) Yalt) and humid temperate
broadleaf forests, including Sweet Chestnut (Castanea sativa Mill.),
characterize the Western lowlands of the country. Thermophilus to
xerophytic mixed oak forests occupy large parts of central Georgia
(Quercus petrea subsp. iberica (Steven ex M. Bieb.) Krassiln., Carpinus
betulus L., and Carpinus orientalis Mill.). Extensive Oriental beech (Fagus
orientalis Lipsky.) and hornbeam-oriental beech forests complement the
main forest associations existent in the country (Dolukhanov, 2010;
Patarkalashvili, 2017; Nakhutsrishvili et al., 2021; Novak et al., 2023).

2.2. Data

To prepare the dataset for phylogenetically informed clustering and
classification, we filtered GNFI plots by forest continuity, species rich-
ness, and taxonomic resolution. Sample plot composition was quantified
as basal area per species and weighted by interspecies phylogenetic
distances.

2.2.1. Sampling design of the GNFI

The GNFI is based on a systematic sampling grid of 3.6 km x 3.6 km
with a randomly selected origin. Field observations are recorded as
cluster samples comprising three sample plots of 0.07 ha each, arranged
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Fig. 1. Configuration of cluster plots comprising three sample plots of the
National Forest Inventory of Georgia. Woody species are recorded within three
nested subplots according to the measured diameter at breast height (DBH, at
1.3 m,). For each stem, tree and stem number, species (if identifiable) and DBH
measurement were recorded along with the polar coordinates of the stem axis
and other variables (MEPA, 2018).
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in an L-shaped configuration with a distance of 100 m along both axes
(Fig. 1). Woody species are recorded according to any stems’ respective
DBH. Stems with DBH > 8 cm are recorded on the inner nested subplot
radius of 5 m, whereas stems with DBH > 15 cm and DBH > 30 cm are
recorded on subplots with r = 10 m and r = 15 m, respectively (Fig. 1).
The GNFI data contains numerous variables describing stand charac-
teristics, i.e. disturbances, and number of stumps (MEPA, 2018). Stumps
are measured on the entire sample area (r = 15 m) and classified ac-
cording to origin (“natural” or “anthropogenic”). Disturbance is recor-
ded per type (e.g. low basal area density, non-systematic wood
extraction, etc.) and severity class (1—3). As 18 % of the country’s ter-
ritory is currently not accessible for government officials due to an
ongoing political conflict, only approximately 74 % of the national forest
area of Georgia (2278,760 ha, Fig. 2) was sampled (MEPA, 2023).

The complete GNFI dataset contains n = 1773 cluster and m = 4452
sample plot observations with recorded woody species unambiguously
identified at species level and are classified as “Tree covered area” and
“Forest” according to the local land cover categorization (MEPA, 2023).

2.2.2. Data subsampling and diversity

We excluded sample plots intersected by a forest boundary to avoid
bias to the compositional data as a result of edge effects (Ries et al.,
2004; Willmer et al., 2022) and removed monodominant samples (S =
1), as these cannot be clustered based on species composition. The
remaining data set contained 3466 sample plot records (henceforward
referred to as “samples”, Table 1). We stratified the data according to
anthropogenic disturbance (severity > 0), presence of non-natural
stumps, signs of cattle grazing or presence of neophytes. Samples with
any of the aforementioned attributes > 0 were labeled as “disturbed”
(mgjs = 2931). Samples with recorded presence of neophytes were
labeled as “disturbed with neophytes” (mpe, = 197). All other samples
were considered “undisturbed” (myngis = 535). To ensure equal sample
sizes between undisturbed and disturbed sample groups, we randomly
subsampled the disturbed samples (mgi;; = 535) resulting in a total
subsample consisting of 1267 sample plot observations (Table 1), which
account for a total sampled area of approximately 90 ha, representing
0.004 % of the total forest area of Georgia (2278,760 ha, MEPA, 2023).

Sample composition was derived as extrapolated sum of basal area
(BA, m? ha!) per species and sample as abundance value
(Staudhammer and LeMay, 2001; Céceres et al., 2019; Yao et al., 2019;
Ricotta et al., 2021). Spelling and nomenclature were standardized
using the Taxonomic Backbone of World Flora Online (WFO DB, Kindt,
2020) and the Global Biodiversity Information Facility (GBIF Secre-
tariat, 2021). Neophyte species were identified according to the list of
invasive species for Georgia available on GBIF (Kolbaia et al., 2020). We
constructed a phylogenetic tree by matching the standardized species
list with the mega phylogeny of World Plants database (GBOTB.
extended.WP.tre, Jin and Qian, 2022; Davies et al., 2023). Pairwise
phylogenetic distances were calculated as total branch lengths con-
necting each pair of species at the terminal nodes of the created tree
(Zanne et al., 2014; Kling et al., 2018; Smith and Brown, 2018; Well-
enbeck et al., 2024). We calculated dissimilarities between sample plots
based on the Discriminating Avalanche (dA), developed by Ganeshaiah
and Uma Shaankar (2000) and refined by Hao et al. (2019b) which
quantifies interspecies dissimilarity by weighting absolute differences in
frequencies of species i and j in two samples with the corresponding
phylogenetic distance (Table 2).

We normalized the resulting dissimilarities according to dAnem =

m (Legendre and Legendre, 2012; Hao et al., 2019a).
2.2.3. Environmental Data

We compiled explanatory variables that represent environmental
gradients expected to be determinant for species compositions in four
thematic groups (Dolukhanov, 2010; Hawkins et al., 2014; Qian et al.,
2019; Padullés Cubino et al., 2021). As climate can be seen as the
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Fig. 2. Data overview of sample locations and applied digital elevation models. The SRTM based DEM is available for the entire country area. The dotted line outlines
the extent of the LiDAR-based DEM. Sample plots (m = 4452) are shown as point features and represent all accessible sample plots located inside forest, which are not
intersected by forest boundaries and contain only records of taxa identified at species or subspecies level.

Table 1
Summary statistics of basal area of the subsampled data of the National Forest Inventory of Georgia (2019-2021) per sample group.
Sample Group m S BAm" ha®
Min Max Mean® var.” CV(%)°
Undisturbed 535 58 9.14 111.43 40.04 ( £+ 16.292) 265.431 40.69
Disturbed 535 61 1.74 120.79 30.85 ( £ 15.740) 247.746 51.02
Disturbed with neophytes 197 75 1.37 82.44 20.97 (£ 13.922) 193.835 66.39
Summary 1267 96 1.37 120.79 33.19 (£ 17.084) 291.846 51.47
@ Mean values are denoted with standard deviation in parenthesis.
b Var.=Variance
¢ CV=Coefficient of variation
Table 2 Table 3
Dissimilarity index used in this study. Formula to estimate heat load (McCune and Keon, 2002).
Discriminating a = 1 Zn Zn AGD g AT [1] Heat = 0.339 + cos(L) e cos(S) — 0.196 e sin(L) e sin(S) — sin(S) — [2]
Avalanche (Hao et al., 2 Lisl £aj=1 T T load 0.482 o cos(Ay) e sin(S)
2019a)
Where:
With L = Latitude
dy = phylogenetic distance between species i and j (d; = As =  Folded azimuth
diandd; = 0) S = Slope [°]
A:}-b = absolute difference between the frequencies of species i
in plots a and b (|p? —p?|)
n = number of samples calculated mean values across all layers (Hengl et al., 2017; Poggio et al.,
e, b= relative frequencies of species i in plots a and b 2021; Turek et al., 2023; Miller et al., 2024). Topographic variables

primary factor influencing tree species distributions (Box, 1996; Zell-
weger et al., 2015; Aratjo et al., 2019; Coelho et al., 2023), we obtained
climatic variables from the Copernicus BIOCLIM dataset (Vanuytrecht
et al.,, 2021). To quantify edaphic site conditions, we extracted soil
characteristics from the layer-specific SOILGRID database (ISRIC) and

were derived from two digital elevation models (DEM) of different
spatial resolutions and extent (Fig. 2) to account for existing gradients at
landscape scale (Sefidi et al., 2016; Gardner et al., 2019; Akobia et al.,
2022; Haesen et al., 2023) and micro-topographic gradients, i.e. slope
position (Siegert et al., 2016).

We derived estimates of anthropogenic impact from the human
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footprint raster data provided by the Wildlife Conservation Society
(2005); Sanderson et al., (2022) and manually estimated pressure from
anthropogenic influence based on proximity to settlements and infra-
structure derived from Open Street Map (OSM, OpenStreetMap con-
tributors, 2024). Per sample values derived from raster data were
aggregated over all cells contained in or crossed by a buffer representing
the circular sample plot area (r = 15 m plus the recorded GPS error [m]
to account for signal inaccuracies) using the Zonal Statistics algorithm of
QGIS (QGIS Development Team, 2009).

2.2.3.1. Climatic variables. The BIOCLIM dataset (Global bioclimatic in-
dicators from 1979 to 2018 derived from reanalysis) contains averages of
bioclimatic indicator metrics based on historical reconstructions with a
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spatial resolution of 1 km (Vanuytrecht et al., 2021). We evaluated 13
bioclimatic variables (Table 4) representing annual or seasonal climatic
gradients reflecting limiting factors for species distributions (Gardner
et al., 2019).

2.2.3.2. Soil properties. We obtained data from SOILGRID, which pro-
vides modeled predictions of soil properties as raster files with a reso-
lution of 250 m (Poggio et al., 2021; Turek et al., 2023). We retrieved
data for bulk density, cation exchange capacity, pH, soil organic carbon,
total nitrogen, organic carbon concentration, soil texture and volumetric
water content at 10 kPa and 33 kPa suction in 10~° cm® cm™3
(1 mm m™Y) to evaluate soil water availability (Gardner et al., 2019).

For each sample, we obtained means by averaging values over the six

Table 4
List of variables considered as predictors of species assemblages. Resolutions ranged from 5 m to 1224 m. Retained variables are marked by * .
Group Variable Brief Description Range Unit Reference
Climate BIOO1 Annual mean temp. —0.28-15.38 °C (Vanuytrecht et al., 2021)
BIO02 Mean monthly diurnal range 4.77-10.97 °C *
BIO04 Temp. seasonality (St. Dev. of the monthly mean temp.) ~ 17.88 — 33.99 °C *
BIO05 Maximum daily temp. of the warmest month 17.69 — 33.98 °C
BIO06 Minimum daily temp. in coldest month —4.59-12.07 °C
BIO08 Mean temp. of wettest quarter 0.37-17.64 °C *
BIO09 Mean temp. of driest quarter —8.86 -17.91 °C *
BIO12 Annual mean precipitation 384.79-2617.71 mm
BIO14 Minimum mean precipitation of driest month 5.92 - 81.74 mm
BIO15 Precipitation seasonality (CV% of monthly 34.14 - 68.65 % *
precipitation)
BIO16 Mean precipitation in wettest quarter 156.98 — 930.82 mm/month
BIO18 Mean precipitation in warmest quarter 40.15-777.79 mm/month *
pot_eva Potential evaporation annual mean 55.72 - 90.69.5 mm/month *
Topographic  tri SRTM based Topographic ruggedness index 0.04 - 26.91 Non-dimensional (Riley et al., 1999)
tpi LiDAR based Topographic position index —0.43 -0.57 Non-dimensional (Wilson et al., 2007) *
rough SRTM based Roughness index 0.03 - 26.85 Non-dimensional
g15010 LiDAR based Geomorphon terrain form (mean): 1.0 - 8.54 Non-dimensional (Jasiewicz and Stepinski, 2013)
outer radius: 15 m
inner radius: 10 m
flatness threshold: 0
840005 LiDAR based Geomorphon terrain form (mean): 1.0-9.0 Non-dimensional *
outer radius: 40 m
inner radius: 5 m
flatness threshold: 0
slp SRTM based slope 0.1-55.7 ° (Fuchs et al., 2017) *
asp SRTM based aspect 0-360 °
f asp_hl Folded aspect heat load 0.18 - 179.93 Non-dimensional (McCune and Keon, 2002) *
dir Heat load 1.35-2.64 Non-dimensional *
eastness Eastward orientation -1-1 Non-dimensional *
southness Southward orientation -1-1 Non-dimensional
std_H LiDAR based Standardized height 12.89 - 2122.68 Non-dimensional (Conrad et al., 2015)
slp_ H LiDAR based Slope height 0.54 - 589.51 m
norm_H LiDAR based Normalized height 0-1 Non-dimensional *
v_depth LiDAR based Valley depth 0.52 - 599.79 m *
mid_slp LiDAR based Mid slope position 0-1 Non-dimensional
Soil bd_mean Mean bulk density 0.99-1.52 kg dm~3 (Poggio et al., 2021)
cec_mean Mean cation exchange capacity 11.9-36.6 cmol™* kg™t *
soc_mean Mean soil organic matter content 141.2-785.0 %o (g kg™1)
phh20_mean Mean pH-value in H,O solution 4.8-7.5 pH *
sand_mean Mean sand content 5.9-45.6 g 100 g’1 (%)
silt_mean Mean silt content 29.8 -47.9 g 100 g’1 (%) *
clay_mean Mean clay content 15.9-57.7 g100 g~ (%) *
nitro_mean Mean of total nitrogen 1.59 - 5.99 gkg!
cfvo_mean Mean of volumetric fraction of coarse fragments 7.18 - 26.4 em® 100 em 2 (vol *
(>2 mm) %)
socs_0_30 Organic carbon stocks (mean, 0 — 30 cm) 42.0 - 115.0 kg m? *
wv0033 Mean volumetric soil water retention at 330 cm 267.03 - 379.33 1073 cm® em ™3 (Turek et al., 2023) *
wv0010 Mean volumetric soil water retention at 100 cm 346.0 - 439.17 103 ecm® em ™3 *
Spatial ele SRTM based Elevation 0.97-2449.4 m (Fuchs et al., 2017) *
X Easting (UTM 38 N) 213812-642200 m MEPA, (2018) *
Y Northing (UTM 38 N) 4552600-4783000 m *
med.xy Normalized pairwise distance 0-1 Non-dimensional *
h_imp_med Human Impact Index 124-3999 Non-dimensional (Sanderson et al., 2022) *
prox Proximity to urban infrastructure 0-7156 m (OpenStreetMap contributors,
2024)
costs SRTM based Cumulative costs 0-6387.7 Non-dimensional *

Notes: St. Dev. = Standard deviation; temp. = temperature (°C).
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reported depths (0-5 cm, 5-15 cm, 15-30 cm, 30-60 cm, 60-100 cm
and 100-200 cm, Table 4).

2.2.3.3. Topography. Slope, aspect, the Terrain Ruggedness Index
(TRI), and Roughness were calculated from the high-resolution Shuttle
Radar Topography Mission DEM (SRTM, Farr et al., 2007) that was
interpolated to a resolution of 10 m x 10m and void filled with
CGIAR-CSI SRTM ver.4.1 (Riley et al., 1999; Fuchs et al., 2017; Macek
et al., 2019; Moudry et al.,, 2019). We converted aspect values to
“eastness” and “southness” to avoid having circular values and calcu-
lated folded aspect (Af = 180 - | aspect —225 |) to estimate heat load per
sample according to McCune and Keon, (2002), (Feilhauer and
Schmidtlein, 2009).

Fine-scale topography was derived from a very high resolution (5 m)
DEM based on a 2018 light detection and ranging (LiDAR) flight
campaign covering 58 % of the total country area (Figure 2). Fine-scale
topographic conditions affect the variability of available light, temper-
ature, and soil properties which influence local species distribution
patterns (Beatty, 1984; Moeslund et al., 2013; Fazlollahi Mohammadi
et al., 2022; Woods and Ortmann, 2024). To account for fine-scale
topographic heterogeneity, we calculated the Topographic Position
Index (TPI), and classified terrain forms using the rR.GEomorpHON algo-
rithm (GRASS Development Team, 2022) described by Stepinski and
Jasiewicz (2011) which classifies topographic structures according to
geomorphologic phenotypes (Jasiewicz and Stepinski, 2013; Gioia et al.,
2021) from the LiDAR data. We created geomorphons with an outer
radius around the sample plot center of 25 m and 40 m each with 5 m as
inner radius, and 5° and 0° as flatness threshold values, respectively
(GRASS Development Team, 2022). Assigned pixel class numbers were
averaged per sample to obtain continuous values. To quantify sample
position relative to slope, we calculated “standardized height”, “slope
height”, “normalized height”, “valley depth” and “mid slope position”
using the SAGA algorithm RELATIVE HEIGHT AND SLOPE posiTION (Conrad et al.,
2015) with default parameters. The algorithm follows an iterative
approach to compute terrain indices based on the vertical distance
above the terrain minima and standardized relief-positions, with
refinement according to terrain-based watershed effects (Bohner and
Selige, 2006). To reduce the influence of outliers, median values were
derived for each sample.

2.2.3.4. Spatial position and anthropogenic influence. Recorded GPS co-
ordinates and elevation [m a.s.l.] obtained from the SRTM DEM repre-
sent spatial positions of samples. We quantified relative isolation as
median of all spatial distances obtained from a pairwise spatial distance
matrix (Table 4). Distances to sources of anthropogenic influence (roads
and settlements) were calculated based on OSM vector files of the road
network (primary, secondary and tertiary), buildings and places within
the country. Roads were buffered with a distance of 10 m, 8 m, and 4 m,
respectively, while buildings were buffered by 100 m. We merged
polygons to a binary raster layer (5 m) indicating anthropogenic land
use and calculated overall distances as continuous buffer via the SAGA
proximity raster algorithm (Conrad et al., 2015). Using the ’r.cost’ al-
gorithm (GRASS Development Team, 2022), we computed cost values
based on a reclassified slope raster representing friction costs as geo-
metric sequence with a common ratio of 2 (0° =1, 1-5° = 2, 6-10° = 4,
11-20° = 8, 21-30° = 16, 31-40° = 32, 41-45° = 64, >45° = ‘not
accessible’). Using the ‘zonal statistics’ algorithm we queried median
values for all sample areas. To quantify spatial gradients of human in-
fluence (Sanderson et al., 2022) on a broader scale, we queried the
human footprint raster data (third generation, 300 m resolution) pro-
vided by the Wildlife Conservation Society (WCS, https://wcshuma
nfootprint.org/data-access) per sample.
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2.3. Cluster analysis

As hierarchical cluster structures of species assemblages resembles
the literature’s depiction of nested forest community structures
(Dolukhanov, 2010; Nakhutsrishvili, 2013; Costanza et al., 2018;
Nakhutsrishvili et al., 2023), we discriminated samples in a hierarchical
cluster analysis using isometric partitioning (isopam) (Schmidtlein et al.,
2010). We applied an extension to the original source code of the isoram
algorithm to support dA as dissimilarity index (Wellenbeck et al., 2024).
Results of the 1sopam cluster analyses are reported with metrics quanti-
fying cluster homogeneity (G) and its’ standardization across partitions
(global.Gs) and the isomap.k parameter, which determines the number
of nearest neighbors used in dimensionality reduction. The phi coeffi-
cient of species fidelity quantifies the strength of association between
species and clusters (Chytry et al., 2002; Cabido et al., 2018). We
calculated the standardized effect size of Mean Pairwise Distance
(SESpmpp) to quantify phylogenetic dispersion within the resulting clus-
ters (Webb et al., 2006; Swenson, 2011a).

2.4. Reduction and decorrelation

By applying PCA to each variable group independently, we reduced
multicollinearity and created composite predictors (PCs) as thematic
explanatory variables. By means of orthogonal transformation, each
successive PC captures more inherent variation of the dataset, resulting
in a hierarchy of cumulative variance explained (Cruz-Cardenas et al.,
2014). Prior to PCA, we applied forward selection per variable group
using pairwise Spearman correlations as these are robust to nonlinear
relationships and outliers (Tucker et al., 2017, supplement 1). From
each variable pair with a correlation coefficient |[R| > 0.8, one variable
was rejected to reduce redundancy (Guisan and Thuiller, 2005; Chytry
et al., 2016; Kavgaci et al., 2023). Table 4 provides an overview of
considered and retained variables for modeling.

2.5. Random forest modeling

RF models are flexible and perform well with complex datasets
(Breiman, 2001; Genuer and Poggi, 2020) to provide robust classifica-
tion of data based on an ensemble of decision trees built on randomly
selected subsets, with final predictions determined by majority voting
(Cutler et al.,, 2007; Waldock et al., 2022; Gilbert et al., 2024;
Soley-Guardia et al., 2024). We predicted species assemblage member-
ship within each sample group via RF with variable group PCs as pre-
dictors. Stratified classification was applied to ensure proportional
cluster representation in bootstrap samples, with default parameters
maintained for the number of trees and predictors per split (Breiman,
2001). Out-of-Bag (OOB) error metrics were used to evaluate model
performance and variable importance was quantified via the Mean
Decrease in Gini index (MDG, Breiman, 2001; Afanador et al., 2016;
Genuer and Poggi, 2020). Based on MDG, we selected the four most
influential PCs from each variable group as explanatory variables for a
combined RF classification model. Missing data were imputed using 999
imputations for 99, 96, and 150 values for undisturbed, disturbed, and
disturbed with neophytes, respectively (Doove et al., 2014). The higher
number of imputations for the latter reflects the concentration of these
samples outside the LiDAR-based DEM (Figure 2). 15 RF models were
applied in total, first identifying key PCs for each variable group indi-
vidually and then combining four key PCs from all variable groups to
model species assemblage membership for each sample group
separately.

2.6. Weighted variable importance
To evaluate the contribution of variables to the most predictive PCs

in the combined RF model, we quantified variable importance as the
cumulative sum of MDG weighted by the corresponding PC loading
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values (eigenvectors) which accounts for each variable’s predictive
power in the model by incorporating its absolute contribution to each PC
- a common method in Partial Least Squares Regression analysis
(Table 5).

2.7. Analytical environment and software

The analytical workflow was implemented using established geo-
spatial and statistical platforms throughout all stages of data preparation
and modeling. Raster data was processed in the QGIS 3.34.8 environ-
ment using GRASS GIS 8.2 and SAGA 9.4.1 (QGIS Development Team,
2009; Conrad et al., 2015; GRASS Development Team, 2022). We used
the R Base ver. 4.2.3 implemented in R Studio ver. 2024.09.0 for data
analysis (R Core Team, 2024; RStudio Team, 2024). The phylogenetic
tree was constructed using the R package v.pHyLoMaKER2 (Jin and Qian,
2019; 2022), picanTE to derive SESypp values (Kembel et al., 2010) and
cluster analysis was performed using 1sopam v. 2.0 (Schmidtlein et al.,
2024). PCAs were conducted using the R package vecan (Oksanen, 2020)
and RF modeling was based on the package ranpomForest (Liaw and
Wiener, 2002). We imputed missing values using the mice R package (van
Buuren and Groothuis-Oudshoorn, 2011).

3. Results

The analyzed GNFI data (m = 1267) consists of 21,303 recorded
trees belonging to 96 species of 56 genera and 30 families. Fig. 3 shows
the constructed phylogenetic hierarchy for all recorded taxa.

The data subsets according to disturbance contained 8557 tree re-
cords of 61 species, spanning 22 genera and 18 families in disturbed
samples, whereas disturbed samples with neophytes included 2439 trees
from 75 species, covering 50 genera and 26 families. Undisturbed
samples consisted of 10,307 trees representing 58 species, 31 genera,
and 18 families.

3.1. Hierarchical clustering of species assemblages

The cluster analysis of undisturbed samples (mypgis = 535) parti-
tioned twelve clusters across four hierarchical levels, whereas clustering
of disturbed (mgjs = 535) and disturbed samples with neophytes (mpeo =
197) identified six and five clusters at two hierarchical levels, respec-
tively. Synoptic tables of the resulting clusters with indicator species
frequencies are provided in supplement 3. Whereas all three hierarchical
cluster structures depart on three main groups on level I, showing
varying levels of coherence, undisturbed samples exhibit the most
complex configuration spanning four levels, with broad isomap.k values
(100 for partition 3), 55 significant indicator species (> threshold G,
with p <0.05), and a generally higher mean standardized G score
(global.Gs: 3.9 & 2.96 across seven partitions). High species-cluster as-
sociations are indicated by a mean phi-value of 0.11 + 0.28 (n = 37). In
contrast, the clusters hierarchies of disturbed samples are organized in a
simpler 2-level structure with maximum isomap.k values of 92 (second
partition) and 18 (third partition) for disturbed and disturbed samples
with neophytes, respectively. Fewer significant indicator species can be

Table 5
Formula to derive weighted variable importance according to the principal
components used as predictors.

Weighted Variable W = 2;71 (|Zg| » Gini; ) [3]

Importance

With

wW; = Weighted variable importance for the j‘h principal
component

L; = Loadings of the i variable in each principal component

L] = Absolute value of the loading for variable i on the j
principal component

Gini; = Variable importance of the j™ principal component

Forest Ecology and Management 589 (2025) 122763

identified for disturbed (32) and disturbed with neophytes (25), with
mean standardized G scores of 5.1 + 4.07 and 1.3 £+ 1.01, respectively.
Mean phi-values of significant indicator species are —0.01 4 0.20
(n = 29) for disturbed samples and 0.07 + 0.27 (n = 24) for disturbed
samples with neophytes. The mean number of species per cluster (n = 5)
was highest for disturbed samples with neophytes (35.0 &+ 13.95), in-
termediate for disturbed samples (24.5 + 7.79, n = 6), and lowest for
undisturbed samples (19.5 + 8.21, n = 12). SESypp was highest for
undisturbed clusters with —0.16 +1.10 (-0.33 +0.98 and —0.48
+ 0.73 for disturbed and disturbed samples with neophytes, respec-
tively). As assigned clusters represent homogeneous species assem-
blages, we evaluated the resulting groups based on BA distributions
(>10 %) and labeled them according to BA dominance (Fig. 4).

Whereas discriminated species assemblages on level II showed some
similarity for undisturbed and disturbed samples (Fig. 4), clustered
species assemblages from disturbed samples with neophytes were not
ecologically meaningful as the resulting groups were highly heteroge-
neous in species BA and lacked a distinct ecological structure (supple-
ment 4a and 4b).

3.2. Modeling of species assemblages

As a result of forward selection, we excluded BIO01, BIOO05, BIOO06,
BIO12, BIO14, BIO16 from the climate, bd_mean, nitro_mean, sand_-
mean, soc_mean from the soil, asp, g15010, mid_slp, slp_H, Std_H, rough,
tri from the topography, and prox from the spatial dataset (supplement
5). Consequently, PCAs were computed using seven climate, eight soil,
nine topographic, and six spatial variables.

The first two PCs derived from the climate variables (m = 4452)
represent 70.4 % of the variance, and the first four PCs together explain
93.6 % (Fig. 5). For soil variables (m = 4446), the first two PCs capture
51.9 % of the cumulative variance and 78.1 % of the variance is
explained by the first four PCs. The first two PCs of the topographic
variables (m = 3427) explain 54.4 % of the variance, increasing to
79.1 % with the first four PCs. 66.9 % of variance is explained by the
first two PCs of the spatial variables and 88.4 % of the first four PCs.
Modeling assemblage membership of undisturbed samples using the
climate, soil, and spatial variable groups yielded OOB errors below
47 %, whereas the OOB error for the topography variable group was
53.5 % (Table 6).

For predicting assemblage membership of disturbed samples, the
lowest OOB error was recorded for the soil and climate variable groups,
both at 34.6 %. In contrast, for disturbed samples with neophytes, the
topography variable group yielded the lowest OOB error at 48.9 %.
Based on the respective MDG per PC we identified the four most
important PCs for a combined RF classification model. The combined RF
classification model resulted in total OOBs of 46.4 %, 32.5 % and 54.3 %
for undisturbed, disturbed and disturbed samples with neophytes (sup-
plement 6). Based on the combined RF model, we calculated individual
variable contributions by weighting the cumulative sums of MDG with
their corresponding PC loading values (Fig. 6). Variable importance was
generally highest in undisturbed samples and lowest for disturbed
samples with neophytes.

For predicting cluster membership from undisturbed samples, the
highest variable importance values (>45) were observed for the south-
-north gradient (Y), elevation (ele), and precipitation during the
warmest quarter (BIO18). Soil organic carbon stocks in the top 30 cm
(socs_0_30) and mean pH (phh20_mean) also showed importance values
exceeding 30. For disturbed samples, variables with importance values
> 30 included mean temperature of the wettest quarter (BIO08), annual
mean potential evaporation (pot_eva), the south-north gradient (Y),
precipitation during the warmest quarter (BIO18), median pairwise
spatial distance (med.xy), and mean pH (phh20_mean). For disturbed
samples with neophytes, variable importance values > 15 were only
recorded for the median pairwise spatial distance (med.xy), the west-
east gradient (X), mean temperature of the driest quarter (BIO09),
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Fig. 3. Phylogenic tree of 96 species listed in the subsample (m = 1267) of the National Forest Inventory data of Georgia. Interspecies phylogenetic distances were
normalized inside a square matrix of pairwise distance values so that 0 < dist,, < 1. Species names on the x-axis are abbreviated according to the Cornell Ecology
Programs naming convention, using the first four letters of the genus and species name (e.g., Abies nordmanniana = Abienord). For original branch lengths see
supplement 2.

100 km
Undisturbed samples () Disturbed samples | | Disturbed samples with neophytes /\
® A. glutinosa subsp. barbata and C. betulus B A. nord i P. orientalis and F. orientalis A A. gluti) subsp. barbata and A. cordata
® A. nord) iana and P. orientali: B F. orientalis, C. betulus and C. sativa A Carpinus spp. and C. sativa
© A. nord i F. orientalis and P. orientali. P. orientalis and P. sylvestris var. hamata A Populus nigra and G. triacanthos
© Betula spp., S. acuparia L and A. heldreichii subsp. trautvetteri ® P. orientalis, F. orientalis and C. betulus A R. pseudoacacia
® C. betulus and T. rubra subsp. caucasica O Q. petrea subsp. iberica and C. betulus A R. pseud ia, A. gluti) subsp. barbata and
® C. sativa, C. betulus and Prunus laurocerasus O Q. petrea subsp. iberica and C. orientalis C. avellana
® F. orientalis and C. betulus
® P. orientalis and F. orientali I Forest Cover
© P. sylvestris var. hamata and P. orientalis
O Q. petrea subsp. iberica and C. betulus
O Q. petrea subsp. iberica and C. orientalis
O Q. petrea subsp. iberica, Carpinus spp. and A. campestre

Fig. 4. Locations of clustered species assemblages per sample group (m = 1267). Clusters are labeled according to basal area share per species (>10 %). Green-
shaded areas indicate the distribution of forests in Georgia (Griesbach, 2018) for reference.
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Fig. 5. Percentage of explained variance per principal component per variable group.
Table 6

Out-of-Bag error estimates for Random Forest classification of species assemblage membership across sample and variable groups. Based on the Mean Decrease Gini
index, the most important principal components as predictors have been selected for model optimization.

Undisturbed (n = 12)

Disturbed (n = 6)

Disturbed with Neophytes (n = 5)

Variable group 00B PCs as Predictors” 00B PCs as Predictors” [0]0) ] PCs as Predictors*
(%) (%) (%)

Climate 45.8 1,2,3,6 34.6 1,235 57.4 1,2,37

Soil 46.7 1,2,6,8 34.6 1,2,4,6 55.6 1,2,4,7

Topography 53.5 4,5,6,7 427 1,2,4,5 48.9 2,5,7,9

Spatial 44.9 1,234 34.8 1,3,5,6 54.8 2,3,4,6

Mean OOB (%) 47.7 £3.92 36.7 £ 4.02 54.2 + 3.68

" Selected according to ranking of variable importance based on Mean Decrease Gini.

elevation (ele), and the standard deviation of monthly mean tempera-
ture (BIO04). Additionally, volumetric water content (wv0010_mean,
wv0033_mean) received high variable importance values, whereas
topographic variables consistently ranked lowest across all sample
groups (Fig. 6).

4. Discussion

We wused Random Forest to predict cluster membership in
disturbance-stratified sample groups, based on species assemblages
derived from phylogenetically informed isometric partitioning. Classi-
fication based on site-specific environmental variables performed
generally well, with model accuracies varying across variable and
sample groups. Combining the four most important PCs from each var-
iable group as predictors moderately improved overall model accuracy,
resulting in OOB errors of 46.4 %, 32.5 %, and 54.3 % for undisturbed,
disturbed, and disturbed samples with neophytes, respectively. These
results confirm our first research question on whether phylogenetic
signals in species compositions reflect environmental gradients, in line

with other studies (Qian et al., 2013; Qian and Sandel, 2017; Shi et al.,
2021; Zhou et al., 2021). Affirming our second research question, model
accuracy was highest for undisturbed samples and lowest for samples
with neophytes, if class cardinality is considered. As higher disturbance
levels reduce the complexity of the resulting cluster hierarchies, pre-
dictable assembly patterns are obscured. This is supported by weakened
phylogenetic divergence (SESmpp), lower species-cluster associations
(phi-values) and reduced cluster coherence (higher global G scores). The
effects of disturbance in our subsample appear stochastic in type and
severity but impede meaningful ecological discrimination beyond six
clusters, despite being based on the same number of observations as the
undisturbed subsample (m = 535). Disturbances reduce tree density,
favor dominance by fewer species, or filter for genetically similar spe-
cies, and lead to a homogenization of compositional characteristics
(Winter et al., 2009; Thompson et al., 2013; Aguirre-Gutiérrez et al.,
2020; Gioria et al., 2023; Diniz et al., 2024). Evaluating the explanatory
power of environmental variables demonstrates the different distribu-
tions of species assemblages per sample groups along environmental
gradients (Fig. 6). The importance of the climate, spatial, and soil
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Fig. 6. Weighted Mean Decrease Gini indices of the four most important explanatory variables per variable and sample group. Variable importance is weighted
according to contribution to the most important principal component to predict cluster membership of twelve species assemblages of undisturbed (a), six of disturbed
(b), and five of disturbed samples with neophytes (c), respectively. *geomorphon with 40 m outer radius, 5 m inner radius, and O flatness threshold.

variable groups was generally higher than topographic variables for all
sample groups. The south-north gradient (Y) is an important predictor
for disturbed and undisturbed samples, likely reflecting its alignment
with the elevational gradient and the evolutionary divergence in the
biogeographical histories of the Greater and Lesser Caucasus, charac-
terized by distinct geological and climatic influences (Tarkhnishvili,
2014). While the Greater Caucasus experienced extensive glaciation
during the last ice ages, the Lesser Caucasus had a higher snow-line,
situated between 2200 and 2300 m a.s.l., resulting in less extensive
glaciation (Khazaradze et al., 2018). Among the climate variables, pre-
cipitation during the warmest quarter (BIO18), mean temperature of the
wettest quarter (BIO08), and annual mean potential evaporation
(pot_eva) rank highest for undisturbed and disturbed samples, empha-
sizing the role of seasonal water balance and climatic extremes during
the growing season in shaping woody species assemblages (Gardner
et al., 2019). The high ranks of soil pH (phh20_mean) and soil organic
carbon stocks (socs_0_30) underline filtering effects of soil edaphic
variations (Marage and Gégout, 2009; Walthert and Meier, 2017). These
edaphic patterns likely reflect elevational changes in parent material
and organic matter turnover. Additionally, the consistently high
importance of volumetric water retention (wv0010_mean and
wv0033_mean) across all sample groups highlights the critical influence
of water availability gradients in structuring forest species assemblages
(Maia et al., 2020). These findings highlight that soil water content
variables are critical physiological factors shaping species assemblage
distributions, supporting Gardner et al. (2019) who argue that soil
moisture is a crucial yet often underrepresented proximal determinant

in plant species distribution modeling. The importance of median pair-
wise spatial distance as a predictor for both disturbed groups suggests a
non-stochastic distribution along the respective gradient. In particular,
disturbed samples with neophytes cluster in the western part of the
country (Figure 2), which may reflect spatial connectivity of disturbance
events -whether biotic or abiotic. However, the comparably low pre-
diction accuracy and relatively low variable importance for disturbed
samples with neophytes suggest that species assembly is shaped pri-
marily by other factors, most likely related to anthropogenic influences
such as land use, introduction pathways or management legacies
(Emerson and Gillespie, 2008). Topographic variables consistently show
low predictive importance, with relative contributions below 30 %
across all sample groups. Since fine-scale topography creates complex
mosaics of microhabitats that often exceed the scope of standard
observation plot sizes, the selected topographic variables may not have
sufficiently captured related gradients. While these environmental pre-
dictors are likely relevant in other mountainous forested regions, their
influence may vary depending on disturbance regimes, regional species
composition, and biogeographic context.

Interspecies dissimilarity can be inflated by deep phylogenetic
divergence — notably in gymnosperm-angiosperm mixtures such as
F. orientalis with A. nordmanniana or P. orientalis — yet our clustering
approach remained effective in distinguishing assemblages (Padullés
Cubino et al., 2021; Staab et al., 2021). However, accounting for this
systematic bias through separate modeling or statistical adjustment
could refine future outcomes.

Community assembly is shaped by dynamic processes across
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temporal scales as forest communities evolve through succession, envi-
ronmental changes and responses to natural and anthropogenic distur-
bances (Gerhold et al., 2015; Davies, 2021). In this context, systematic
forest inventories based on permanent sample plots provide a valuable
framework for monitoring compositional shifts in community structure
over time. In combination with phylogenetic information such in-
ventories offer a pragmatic approach to approximate species assembly
patterns in cases where comprehensive floristic inventories are not
feasible due to time or resource constraints. However, as forest in-
ventories are primarily optimized for statistically robust estimates of
timber volumes, they are constrained by sampling designs, plot config-
urations, and repetition cycles (Lin et al., 2020; Portier et al., 2022).
Minimum DBH-thresholds (e.g. 8 cm, 15 cm and 30 cm based on nested
plot radii in Georgia) significantly contribute to omission of species with
smaller diameters at plot level (McRoberts et al., 2009; Lin et al., 2020).
In addition, bias in identification towards commercial tree species has
been reported and accuracy generally depends on the botanical exper-
tise of the field personnel (Lam and Kleinn, 2008). However, standard-
ized protocols for species identification — potentially supported by
Al-based biodiversity identification tools or laboratory methods such
as DNA barcoding — offer pathways to harmonize assessments with
other classification systems, i.e. complete floristic inventories or iBOL
projects. Differences in sampling design and abundance estimates be-
tween woody species and understory vegetation preclude the integra-
tion of lower forest strata, reducing the capacity to detect
understory-driven niche signals that contribute to finer-scale differen-
tiation of species assemblage characteristics and environmental posi-
tioning. However, integrating understory and herbaceous layers would
optimize the characterization of community composition and align with
established phytosociological classification systems (Dolukhanov, 2010;
Nakhutsrishvili, 2013; Nakhutsrishvili et al., 2023). Including important
diagnostic species from these strata is likely to enhance the ecological
resolution of species assemblages and improve the detection of
fine-scale, gradient-dependent patterns in community composition.
While our study relied on phylogenetic dissimilarity, the applied metric
is equally compatible with taxonomic or trait-based variation (Hao
etal., 2021). Indeed, Cadotte et al. (2013, 2017) suggest that combining
phylogenetic and functional diversity improves the detection of assem-
bly patterns along environmental gradients.

The patterns of community distribution along environmental gradi-
ents identified in this study are empirically derived but consistent with
ecophylogenetic theory. They support the view that community as-
sembly is shaped by processes such as environmental filtering and niche
conservatism (Cavender-Bares and Wilczek, 2003). Our findings confirm
that phylogenetic dissimilarity in woody species assemblages reflects
environmental filtering, making phylogenetic variability a useful proxy
for ecological differentiation. Without a theoretical framework linking
phylogenetic structure to assembly processes, these patterns would
remain largely descriptive and offer limited insight into underlying
ecological mechanisms. At the same time, we demonstrate that
disturbance-induced shifts are also reflected in the phylogenetic struc-
ture of communities (Webb et al., 2002; Davies, 2021). This is evident in
the stronger phylogenetic signal and higher classification accuracy
found in undisturbed samples, where environmental filtering appears to
dominate, compared to more stochastic assemblage patterns in
disturbed samples and those containing neophytes. Although our
approach cannot fully resolve the specific variables driving community
separation, it demonstrates the relevance of scale-dependent assembly
rules. Predictive accuracy and phylogenetic distinctiveness vary with
disturbance levels, in line with theoretical models of limiting similarity
and environmental filtering across spatial scales (Cavender-Bares and
Wilczek, 2003; Kraft et al., 2015).

While our results are specific to species composition and disturbance
regimes of our study area, the methodological approach is applicable
across temperate forest ecosystems. Although species-specific patterns
require regional calibration, the underlying framework is transferable
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across temperate forest ecosystems with relatively intact or naturally
structured species compositions. While we relied on readily available
and easily derived EO-based variables as predictors, the framework
supports flexible integration of additional predictors tailored to regional
conditions or management objectives. With appropriate calibration, the
proposed framework may serve as a tool for modeling potential natural
vegetation, especially in contexts where phylogenetically informed as-
semblages offer insights into long-term ecological stability under spe-
cific environmental conditions. Since current species assemblages reflect
not only contemporary environmental conditions but also historical
ecological processes and legacy effects, future studies could refine this
approach by incorporating dendrochronological analyses, historical
climate reconstructions, or time-series EO data to better capture how
past environmental variability shapes present-day species assemblages.
While beyond the scope of this study, optical EO data capturing
phenological or structural traits aligned with phylogenetic structure
could potentially improve model-based prediction of species assem-
blages. Another relevant direction is to assess to which extent the
identified species assemblages align with functional groups of similar
characteristics relevant to forestry, such as growth dynamics, biomass
distribution, or stand structure. Such insights could inform assemblage-
based guidelines for sustainable forest management that integrate
ecological traits, site conditions, and phylogenetic dynamics in shaping
community structure.

The increasing availability of systematic forest inventory data
worldwide offers an efficient framework to monitor woody species as-
semblages as part of forest biodiversity. Our study demonstrates that
organizing species assemblages by composition and phylogenetic
structure reveals consistent community distribution patterns along
environmental gradients. Advancements in DNA sequencing, modeling,
and ecological data processing increasingly support phylogenetically
informed habitat prediction, improving our understanding of how
evolutionary history shapes species assembly across ecological niches
(Padullés Cubino et al., 2021). By integrating the phylogenetic dimen-
sion of community assembly mechanisms into classification systems,
conservation and forest managers can monitor genetic diversity and its
distribution across space and time. This approach not only supports
biodiversity conservation but also strengthens strategies for sustainable
forest management by linking species composition to ecosystem stability
and resilience. Integrating phylogenetic insights into classification ap-
proaches allows forest management to move beyond simplistic
species-based strategies to more dynamic, ecosystem-based approaches
that balance ecological integrity with long-term productivity and sus-
tainable use of forest resources.

5. Conclusions

Our study demonstrates that incorporating phylogenetic variability
into species assemblage classification provides a robust framework for
understanding forest community structure and its relationship to envi-
ronmental gradients. Phylogenetically informed classification, based on
multivariate EO data, aligns well with environmental gradients, espe-
cially under low-disturbance scenarios. The decline in prediction accu-
racy with increasing disturbance reflects the homogenizing effects of
disturbance on species composition, which leads to less coherent com-
munity structures. These findings emphasize the potential of ecophylo-
genetics to link woody species assemblages more clearly to
environmental conditions and improve forest community classification.
This approach can support more targeted conservation strategies,
strengthen sustainable forest management, and inform adaptive
practices.
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