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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
Wilezek, 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



A. Wellenbeck et al.

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 1000m 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 - >4000mm) 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

N _
\ =5m
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100 m

)
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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 5m, 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=15m) 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”
(mgis = 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 BA m? 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

2 Mean values are denoted with standard deviation in parenthesis.
b Var.=Variance
¢ CV=Coefficient of variation

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
calculated mean values across all layers (Hengl et al., 2017; Poggio et al.,

2021; Turek et al., 2023; Miller et al., 2024). Topographic variables
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).

Table 2
Dissimilarity index used in this study.
Discriminating Avalanche (Hao et al., 2019a) dA = 1 N ab g aab [1]
2 Zi:l Zi:l A" dyA;
With
d; phylogenetic distance between species i and j (dj = djandd; = 0)
A‘i“” = absolute difference between the frequencies of species i in plots a and b (\ ¢ 7pib\ )
n number of samples
a  pb

relative frequencies of species i in plots a and b
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Table 3

Formula to estimate heat load (McCune and Keon, 2002).

Forest Ecology and Management 589 (2025) 122763

Heat load = 0.339 + cos(L) @ cos(S) — 0.196 e sin(L) e sin(S) — sin(S) — 0.482 e cos(Ay) e sin(S) [2]
Where:

L = Latitude

A¢ = Folded azimuth

S = Slope [°]

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 infra-
structure derived from Open Street Map (OSM, OpenStreetMap con-
tributors, 2024). Per sample values derived from raster data were

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,0 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 - 379.33 103 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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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
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
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 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 calcu-
lated folded aspect (A = 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 r.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
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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
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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.

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 (1sopam) (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
(SESwmpp) 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
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Formula to derive weighted variable importance according to the principal components used as predictors.

Weighted Variable Importance w; =

Z;,l (|Ls] o Giniy) (3]

With
Wi

L
|Ls|
Gini; =

Weighted variable importance for the j™ principal component

Loadings of the i variable in each principal component

Absolute value of the loading for variable i on the j™ principal component
Variable importance of the j principal component

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
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 (myngis = 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
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 + 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
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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 Il 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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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” OO0B PCs as Predictors” [0]0) ] PCs as Predictors*
(%) (%) (%)

Climate 45.8 1,2,3,6 34.6 1,235 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 4,5,6,7 427 1,2,4,5 48.9 2,5,7,9

Spatial 44.9 1,2,3,4 34.8 1,3,56 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.

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),
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).
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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.

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. 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 (SESypp), 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 var-
iable 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
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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 tem-
poral scales as forest communities evolve through succession, environ-
mental changes and responses to natural and anthropogenic
disturbances (Gerhold et al., 2015; Davies, 2021). In this context, sys-
tematic 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 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.
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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
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
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dimension of community assembly mechanisms into classification sys-
tems, conservation and forest managers can monitor genetic diversity
and its distribution across space and time. This approach not only sup-
ports biodiversity conservation but also strengthens strategies for sus-
tainable forest management by linking species composition to ecosystem
stability and resilience. Integrating phylogenetic insights into classifi-
cation 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 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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