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Remote sensing offers important opportunities for large-scale biodiversity monitoring, yet the capacity of
spaceborne laser scanning to predict forest biodiversity remains insufficiently understood. This study evalu-
ates relationships between forest structural complexity and tree species diversity using data from the GEDI
mission. Structural metrics describing canopy height, vegetation density and vertical foliage distribution
were linked to ground-based forest inventory data from 9,692 plots across the Pacific Northwest region
of the United States. Tree biodiversity was quantified using species richness and two diversity indices.
Structural complexity showed consistent positive relationships with biodiversity, with vegetation density
and vertical foliage heterogeneity outperforming maximum canopy height as predictors. Machine-learn-
ing models explained approximately 17-22% of biodiversity variation under standard cross-validation. In
contrast, spatial cross-validation revealed strong reductions in predictive performance, indicating limited
geographic transferability. Including broad-scale climate variables produced modest improvements, while
regionally calibrated models substantially increased accuracy, achieving up to 40% explained variance for
species richness. Overall, the results demonstrate that spaceborne laser-derived forest structure contains
meaningful biodiversity information, but effective large-area application requires regional calibration to
account for spatial variation in forest composition and environmental conditions.
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Introduction

Forests support the majority of Earth’s terrestrial biodi-
versity and provide critical ecosystem services including
carbon sequestration, water regulation, and habitat for
countless species making them a cornerstone of both con-
servation and sustainable development (FAO and UNEP,
2020; UNEP-WCMC and IUCN, 2020). At the same
time, forest ecosystems face accelerating pressures from
climate change, land-use conversion, and other anthro-
pogenic disturbances, creating an urgent need for moni-
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toring approaches that can deliver broad spatial coverage
and repeatable measurements to inform conservation and
management actions (FAO and UNEP, 2020). Tradition-
al ground-based inventories remain the gold standard for
describing species composition and structure but are ex-
pensive, time-consuming and necessarily spatially limited,
which constrains their ability to provide wall-to-wall biodi-
versity information over large or remote forested landscapes
(STANKE et al., 2020). These practical constraints have driv-
en extensive interest in remote sensing as a scalable com-
plement to in-situ inventories for biodiversity monitoring.
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Ecological theory links habitat structure and hetero-
geneity to species coexistence: more structurally complex
environments tend to support greater niche diversity and
thus higher species richness (MACARTHUR and MACAR-
THUR, 1961; TEws et al., 2004). Vertical stratification of
forest canopies creates gradients of light, moisture and mi-
crohabitats that favor species partitioning and coexistence;
consequently, three-dimensional structural descriptors that
capture vertical complexity are expected, in principle, to
be informative predictors of biodiversity. Empirical work
using active remote sensing has repeatedly shown that
LiDAR-derived structural metrics can explain substantial
variation in diversity across taxa and habitats, demonstrat-
ing that airborne and terrestrial LIDAR provide powerful
proxies for many biodiversity attributes (SIMONSON et al.,
2014; MOESLUND et al., 2019).

LiDAR technology is especially well suited to cap-
ture three-dimensional forest structure because it directly
samples vertical profiles of vegetation, providing estimates
of canopy height, vertical distribution of foliage, canopy
density and other structural descriptors that optical sensors
cannot measure directly (DUBAYAH et al., 2020). Airborne
LiDAR studies have linked measures such as foliage-height
diversity, canopy cover, canopy height distributions and

leaf/plant area indices to species richness and composition
for plants, birds and other taxa (SIMONSON et al., 2014; A1-
KINS et al., 2023). However, airborne campaigns are costly
and spatially patchy, which has limited their utility for con-
sistent, large-extent biodiversity monitoring.

The Global Ecosystem Dynamics Investigation
(GEDI) lidar, deployed to the International Space Station,
represents a major step toward a spaceborne solution for
measuring canopy vertical structure at continental scales
(DuBayaH et al., 2020). GEDI provides footprint-level
estimates (~25 m) of relative height percentiles (RHx),
canopy cover, plant area index (PAI) and foliage height
diversity (FHD), enabling standardized, repeatable mea-
surements of vertical structure across much of the globe
(GEDI team documentation). Early comparisons between
GEDI and airborne lidar show GEDI can recover the large-
scale patterns of canopy height and vertical structure, al-
though accuracy and representativeness depend on factors
such as shot density, terrain and canopy closure (BURNS et
al., 2024; DHARGAY et al., 2022).

Despite this promise, several critical knowledge gaps
remain. It is not yet clear how strong and consistent struc-
ture—biodiversity relationships are when extracted from
spaceborne LiDAR (as opposed to airborne lidar), which

Fig. 1. Distribution of forest inventory plots across the Pacific Northwest study area. CA — California; OR — Oregon; WA —

Washington.
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structural metrics are most predictive of diversity across
broad environmental gradients, and how transferable mod-
els trained in one region are when applied elsewhere (TOR-
RESANI et al., 2023; MANDL et al., 2023). Resolving these
questions is important for operationalizing GEDI for routine
biodiversity monitoring, because reliable, spatially explicit
biodiversity mapping would enable identification of biodi-
versity hotspots, tracking of temporal changes following
disturbance, and support for conservation prioritization at
scales that ground inventories alone cannot achieve.

The Pacific Northwest (California, Oregon, Washing-
ton) is an ideal testbed for exploring these questions, as it
contains diverse forest types from coastal temperate rain-
forests to montane mixed-conifer and Mediterranean oak
woodlands and benefits from systematic ground-truth data
via the U.S. Forest Service Forest Inventory and Analy-
sis (FIA) program (STANKE et al., 2020). By linking GEDI
structural metrics to FIA-derived biodiversity indices and
testing model transferability across regional gradients, we
can assess both the promise and the limits of spaceborne
LiDAR for scalable forest biodiversity monitoring.

Methods
Study area

The analysis focused on forested landscapes across three
Pacific Northwest states (California, Oregon and Wash-
ington), encompassing a broad range of forest types from
coastal temperate rainforest to montane mixed-conifer
and Mediterranean-climate woodlands. Latitude varied
from 32.68° N to 49.00° N, capturing large environmental
gradients in temperature, precipitation and forest compo-
sition; the region was selected because of extensive GEDI
coverage and systematic ground inventory data from the
U.S. Forest Service Forest Inventory and Analysis (FIA)
program (WOUDENBERG et al., 2010). These forests ex-
hibit strong gradients in climate, elevation, productivity,
and species composition, making the region well suited
for evaluating relationships between forest structural com-
plexity and biodiversity across heterogeneous landscapes.
The final analysis dataset comprised 9,692 forest invento-
ry plots with complete GEDI structural data: Oregon (n =
4,883; 50.4%), Washington (n = 2,454; 25.4%) and Cali-
fornia (n = 2,355; 24.3%) (Fig. 1).

Forest Inventory and Analysis (FIA) data

Ground-based biodiversity data were obtained from the
United States Forest Service Forest Inventory and Analy-
sis (FIA) program database. The FIA program provides a
nationally consistent forest inventory based on a systemat-
ic grid of permanent sample plots distributed approximate-
ly every 2,400 ha across forested lands in the United States
(BECcHTOLD and PATTERSON, 2005).

Each FIA plot consists of four fixed-radius subplots
arranged in a standardized configuration, within which all
live trees exceeding 12.7 cm diameter at breast height are

measured and identified to species level (USDA Forest
Service, 2022). Tree-level attributes include species iden-
tity, diameter, status (live or dead), and plot condition in-
formation. Each subplot has a fixed radius of 7.32 m (24
ft), with the four subplots arranged in a standardized clus-
ter spanning approximately 0.4 ha, following the national
FIA sampling design (BECHTOLD and PATTERSON, 2005).

For this study, FIA plot data collected between 2019
and 2022 were used to align temporally with the opera-
tional period of the GEDI mission. Plots lacking valid
geographic coordinates or containing no live trees were
excluded. Species-level tree data were aggregated at the
plot level to compute biodiversity metrics.

Biodiversity metrics

Three commonly used alpha-diversity indices were calcu-
lated for each FIA plot to represent forest biodiversity:

Species richness (S), defined as the total number of unique
tree species observed within a plot;

The Shannon diversity index:
H'=-3(i=1 to S) pi In(p;)

where p, represents the proportional abundance of species 7,

The Simpson diversity index:
D=1-3(i=Ito S) pi?

which emphasizes dominance and evenness within species
assemblages.

These diversity indices are widely applied in forest
ecology and provide complementary measures of commu-
nity composition and structure (MAGURRAN, 2004; CHAO
etal., 2014).

GEDI LiDAR data

Forest structural information was derived from the Glob-
al Ecosystem Dynamics Investigation (GEDI) LiDAR
mission aboard the International Space Station. GEDI
is a full-waveform lidar instrument designed to measure
three-dimensional vegetation structure globally, with a
nominal footprint diameter of approximately 25 m (Du-
BAYAH et al., 2020).

GEDI Level 2A and Level 2B products were used in
this analysis. Level 2A provides relative height (RH) met-
rics describing the vertical distribution of canopy returns,
while Level 2B includes estimates of canopy cover, Plant
Area Index (PAI), and Foliage Height Diversity (FHD).
RH metrics represent the height below which a given per-
centage of cumulative waveform energy is returned and are
commonly used indicators of canopy height and vertical
complexity (DuBayaH et al., 2020; HANCOCK et al., 2019).

The structural variables extracted for this study in-
cluded RH50, RH75, RH98, RH100, canopy cover frac-
tion, PAI, and FHD. RH50, RH75, RH98 and RH100 de-
note the height (in meters above ground) below which 50%,
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75%, 98% and 100% of the cumulative waveform ener-
gy is returned, respectively, providing percentile-based
descriptors of the vertical canopy profile. Canopy cover
fraction represents the proportion of ground area ob-
scured by vegetation when viewed from directly above.
Plant Area Index (PAI) is a dimensionless measure of the
total one-sided area of photosynthetic and non-photo-
synthetic plant material per unit ground area, integrating
structural information across the entire vertical canopy
profile and reflecting overall vegetation density. Foliage
Height Diversity (FHD) is calculated as the Shannon di-
versity index applied to the vertical distribution of plant
area volume density across height bins, quantifying how
evenly foliage is distributed throughout the canopy rather
than concentrated within a single stratum (MACARTHUR
and MACARTHUR, 1961; DuBAyaH et al., 2020).

Spatial matching of GEDI and FIA plots

To associate GEDI observations with FIA plots, a spatial
buffering approach was implemented to account for inten-
tional spatial perturbation applied to FIA plot coordinates
for confidentiality purposes (fuzzing and swapping). A 500
m buffer was generated around each FIA plot location, and
all GEDI footprints intersecting the buffer were extracted.
To evaluate the sensitivity of this choice, GEDI structural
metrics were additionally extracted at 250 m and 1,000 m
buffer radii for a representative subsample of 800 plots.
Model performance under 5-fold cross-validation varied
only modestly across buffer sizes (species richness R*:
0.158-0.172; Shannon index R*% 0.106-0.154; Simpson
index R%: 0.086—-0.139 across the three radii; full results
in Supplementary Table S2), indicating that biodiversi-
ty predictions were not strongly sensitive to buffer radius
within this range and supporting the use of a 500 m buffer
as a reasonable balance between capturing adequate GEDI
coverage and minimizing over-smoothing of local structural
variation. This footprint-averaging approach is also consis-
tent with established practice for mitigating GEDI’s discon-
tinuous sampling geometry and the positional uncertainty
introduced by FIA coordinate fuzzing (DUNCANSON et al.,
2022; TORRESANI et al., 2023; MaNDL et al., 2023).

For each plot, GEDI structural metrics were aggregat-
ed by calculating mean values across all intersecting foot-
prints. This aggregation approach reduces noise associated
with individual laser shots and has been widely applied in
studies integrating GEDI with ground-based forest invento-
ries (DUNCANSON et al., 2022; TORRESANI et al., 2023).

Climate variables and statistical modelling

To represent broad-scale environmental gradients, climate
covariates were derived from the WorldClim Version 1
dataset at 30-arc-second spatial resolution (Humans et
al., 2005). Four bioclimatic variables were selected based
on ecological relevance to forest growth and species dis-
tribution: annual mean temperature (bio0O1), temperature
seasonality (bio04), annual precipitation (bio12), and pre-
cipitation seasonality (biol5).
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Climate variables were extracted at FTA plot locations
using the Google Earth Engine platform, which enables
large-scale geospatial processing and consistent spatial
sampling (GORELICK et al., 2017). Statistical relation-
ships between GEDI-derived structural metrics, climate
variables, and biodiversity indices were evaluated using
a combination of correlation analysis and predictive mod-
elling. Pearson correlation coefficients were computed to
assess bivariate associations between individual structural
metrics and biodiversity indices.

Predictive models were developed using multiple
regression and machine-learning approaches, including
ordinary least squares linear regression, Ridge regression
to address multicollinearity (HOERL and KENNARD, 1970),
Random Forest regression (BREIMAN, 2001), and Gradi-
ent Boosting machines (FRIEDMAN, 2001). These methods
were selected to capture both linear and non-linear rela-
tionships between forest structure and biodiversity. Model
performance was evaluated using five-fold cross-valida-
tion, with predictive accuracy quantified using the co-
efficient of determination (R?) and mean absolute error
(MAE). Predictor variables were standardized for linear
and penalized regression models, while tree-based meth-
ods were fit using unstandardized inputs. Random Forest
models used 100 trees with a maximum tree depth of 10
(n_estimators = 100, max_depth = 10); Gradient Boost-
ing models used 100 boosting stages with a maximum tree
depth of 5 (n_estimators = 100, max_depth = 5); both used
a fixed random seed (random_state = 42) for reproducibil-
ity. Ridge regression used a regularization strength of a
= 1.0. All models were implemented in scikit-learn (Pe-
DREGOSA et al., 2011). Plot elevation was additionally test-
ed as a supplementary predictor alongside the seven core
GEDI structural variables (Section 3.4). A full overview of
all model configurations, dependent variables, predictors,
sample sizes and validation approaches is provided in Sup-
plementary Table S1.

To assess model transferability and reduce spatial
autocorrelation bias, spatially structured cross-validation
was implemented using latitudinal blocking, whereby
models were trained on subsets of the data and evaluated
on geographically distinct blocks (ROBERTs et al., 2017).
Permutation-based variable importance was calculated
for tree-based models to quantify the relative contribu-
tion of each predictor to model performance. This ap-
proach measures the reduction in predictive accuracy fol-
lowing random permutation of individual variables and
is less biased than impurity-based importance metrics
(ALTMANN et al., 2010). Specifically, plots were divid-
ed into five approximately contiguous latitudinal bands
spanning the full study extent (32.68-35.94° N, n = 250;
35.95-39.20° N, n = 843; 39.21-42.47° N, n = 1,796;
42.47-45.73° N, n = 4,127; 45.74-49.00° N, n = 2,686),
and models were trained on four bands and evaluated on
the held-out fifth band in a leave-one-band-out scheme.
This spatial cross-validation procedure was applied to all
four candidate models (linear regression, Ridge regres-
sion, Random Forest and Gradient Boosting) to deter-
mine whether limited geographic transferability was spe-



Table 1. Summary statistics of forest biodiversity metrics across the study area

Metric Mean SD Min 25th Median 75th Max
Species 3.18 1.63 1.00 2.00 3.00 4.00 11.00
Richness

Shannon 0.71 0.46 0.00 0.34 0.71 1.06 2.10
Index

Simpson 0.39 0.25 0.00 0.18 0.45 0.59 0.87
Index

Table 2. Summary statistics of GEDI-derived structural metrics

Structural Metric Description Mean SD Min Max
th50 (m) Median canopy height 4.50 3.65 -0.13 23.43
th75 (m) 75th percentile height 7.77 4.81 0.36 33.36
rh98 (m) 98th percentile height 12.79 6.02 1.26 4436
rh100 (m) Maximum canopy height 13.81 6.21 1.68 46.30
Cover Canopy cover fraction 0.45 0.22 0.02 0.86
PAI Plant Area Index 1.74 1.09 0.04 4.36
FHD Foliage Height Diversity 2.61 0.42 1.22 3.28

cific to any one algorithm or reflected a broader property
of the structure—biodiversity relationship (full results in
Supplementary Table S5; see Section 3.5).

All analyses were conducted using Python, primar-
ily employing the pandas and numpy libraries for data
processing and the scikit-learn framework for model de-
velopment and evaluation (PEDREGOsA et al., 2011).

Results
Dataset characteristics

The analysis encompassed 9,692 forest inventory plots
across three Pacific Northwest states, matched with space-
borne LiDAR structural metrics and climate variables. The
dataset exhibited complete coverage with no missing val-
ues for GEDI-derived structural metrics, indicating robust
satellite data availability across the study region. Oregon
contributed the largest proportion of plots (50.4%, n =
4,883), followed by Washington (25.4%, n = 2,454) and
California (24.3%, n = 2,355). Plot elevations ranged from
near sea level to subalpine zones, capturing substantial en-
vironmental heterogeneity across the Pacific Northwest's
diverse forest ecosystems. Species richness was moder-
ately right-skewed (skewness = 0.656), reflecting a ma-
jority of low-diversity plots alongside a smaller number of
higher-richness outliers; the Shannon index was approxi-
mately symmetric (skewness = —0.024); and the Simpson
index showed mild left skew (skewness = —0.368). Distri-
butional shapes for all three metrics, including boxplots
highlighting outlier structure, are shown in Supplementary
Figure S1 (Table 1; Table 2).

The structural metrics exhibited substantial variabil-

ity, with maximum canopy heights ranging from 1.68 m
in low-stature woodlands to 46.30 m in mature coniferous
stands. Plant Area Index (PAI) and Foliage Height Diver-
sity (FHD) demonstrated particularly wide ranges, provid-
ing sufficient variance for predictive modelling (Table 2).

Structure—Biodiversity Relationships

Correlation analysis revealed consistent positive associ-
ations between GEDI-derived structural metrics and all
three biodiversity indicators (Supplementary Table S3;
Fig. 2). Foliage Height Diversity (FHD) exhibited the
strongest correlations with biodiversity, followed by cano-
py cover and Plant Area Index (PAI).

Notably, vertical structural complexity (FHD) and
canopy density metrics (cover, PAI) consistently outper-
formed height-based metrics (RH50-RH100, GEDI rela-
tive height percentiles as defined in Section 2.4) as biodi-
versity predictors. This pattern was consistent across all
three biodiversity indices, with correlation coefficients for
FHD ranging from 0.383 to 0.427, compared to 0.291 to
0.355 for maximum canopy height (RH100). These find-
ings suggest that forests with vertically complex, dense
canopies support greater tree species diversity, regardless
of maximum canopy height attained.

Predictive Model Performance

Four machine learning algorithms were evaluated for bio-
diversity prediction using 5-fold cross-validation (Table
3). Random Forest consistently outperformed other ap-
proaches across all biodiversity metrics, though improve-
ments over linear models were modest (Table 3).

Random Forest achieved R? values of 0.222, 0.192,
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Fig. 2. Relationships between GEDI-derived structural metrics and forest biodiversity indices. (A) Correlation matrix showing
Pearson coefficients between three biodiversity metrics (species richness, Shannon index, Simpson index) and five structural
variables (PAI, FHD, cover, RH100, RH50). Warmer colors indicate stronger positive correlations. (B) Plant Area Index (PAI)
versus species richness (r = 0.370). (C) Foliage Height Diversity (FHD) versus Shannon index (r = 0.399). (D) Maximum can-
opy height (RH100) versus species richness (r = 0.350). Vegetation density (PAI) and structural complexity (FHD) exhibited
stronger correlations with biodiversity than canopy height metrics.

Detailed description of Fig. 2: Panel A is a correlation heatmap (Pearson r 0.28-0.43) between five GEDI metrics (PAI, FHD,
cover, RH100, RH50) and three biodiversity indices; foliage height diversity shows the strongest correlations throughout. Panel
B plots Plant Area Index against species richness (r = 0.370). Panel C plots foliage height diversity against Shannon index (r =
0.400). Panel D plots maximum canopy height against species richness (r = 0.351), a similar but weaker pattern than Panel B.

Table 3. Model comparison using 5-fold cross-validation (mean + standard deviation)

Model Species Species  Shannon Index Shannon Index Simpson Index Simpson Index
Richness — R* Richness— MAE —R? - MAE -R? —MAE

Linear 0.210+0.013  1.140£0.012  0.179£0.011  0.344+£0.004 0.162+0.012  0.189£0.003

Regression

Ridge 0.210+0.013  1.140+0.012  0.180+£0.011  0.344+£0.004 0.162+0.011  0.189+0.003

Regression

Random Forest ~ 0.222+0.010  1.131+0.007  0.192+0.008  0.340+0.005  0.172+0.008  0.187 + 0.003

Gradient 0.213+0.016 1.139+0.010  0.184+0.010  0.342+0.004 0.168+0.010  0.187 = 0.003
Boosting

Note: Best performance per metric shown in bold. MAE = Mean Absolute Error.
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and 0.172 for species richness, Shannon index, and Simp-
son index, respectively. The marginal improvement of
ensemble methods over linear regression (AR? = 0.010—
0.012) indicates that structure-biodiversity relationships
are predominantly linear, with limited non-linear interac-
tions captured by tree-based algorithms (Fig. 3).

Feature Importance Analysis

Permutation importance analysis revealed that vegetation
density (PAI) and vertical structural complexity (FHD)
were the dominant predictors of forest biodiversity, sub-
stantially outweighing height-based metrics (Supplemen-
tary Table S4; Fig. 4).

Plant Area Index (PAI) emerged as the single most
important predictor across all biodiversity metrics, with
importance values 1.5 to 1.9 times greater than the
second-ranked variable (FHD). Contrary to common

assumptions, maximum canopy height metrics (RH98,
RH100) ranked among the least important predictors.
This counterintuitive finding suggests that vegetation
density and structural complexity rather than height
alone drive the relationship between remotely sensed
forest structure and tree species diversity. The domi-
nance of PAI likely reflects its integration of both hor-
izontal and vertical canopy characteristics, capturing
overall forest productivity and niche availability. Plot
elevation was also evaluated as a supplementary predic-
tor alongside the seven core GEDI structural variables,
yielding small but consistent gains in explained vari-
ance across all three biodiversity metrics (AR*=+0.010
for species richness, +0.009 for the Shannon index, and
+0.007 for the Simpson index). This modest improve-
ment suggests that GEDI structural metrics already cap-
ture most elevation-related variance in forest structure,
since elevation strongly shapes the vegetation structure

Fig. 3. Predicted versus observed species richness under 5-fold random cross-validation for all four models (Linear Regression,
Ridge Regression, Random Forest, Gradient Boosting; n = 9,692 plots). The dashed red line represents the 1:1 relationship
indicating perfect prediction. Random Forest achieved the highest R? (0.222) of the four models.
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Fig. 4. Permutation importance of GEDI structural metrics for predicting forest biodiversity using Random Forest models.
Importance values represent mean decrease in R? when each feature is randomly permuted. Results shown for (A) species
richness, (B) Shannon index, and (C) Simpson index. Plant Area Index (PAI) and Foliage Height Diversity (FHD) consistent-
ly emerged as the dominant predictors (shown in red), substantially outperforming canopy height variables (RH50-RH100,

shown in blue) across all biodiversity metrics.

and composition that GEDI measures directly; given
the limited magnitude of this gain, elevation was not
retained as a core predictor in the primary models. Oth-
er environmental covariates that may influence forest
biodiversity, including soil properties, land-use history
and distance to coast, were not available at consistent
resolution across the full study extent and represent pri-
orities for future work (Section 5.6).

Spatial Transferability Assessment

To evaluate model generalizability across geographic re-
gions, latitude-based spatial cross-validation was applied
(Supplementary Table S5; Fig. 5). This approach tests
whether models trained in one region can accurately pre-
dict biodiversity in spatially distinct areas.

Model performance degraded substantially under
spatial cross-validation, with R* values declining by 0.10—
0.14 compared to random cross-validation. This degrada-
tion indicates that structure-biodiversity relationships vary
across latitude bands, likely reflecting differences in re-
gional species pools, climate regimes, and forest commu-
nity composition. The high standard deviation in spatial

CV results (0.11-0.19) further indicates heterogeneous
model performance across geographic blocks. Critically,
this degradation pattern was not specific to Random For-
est: spatial cross-validation reduced species richness R?
from 0.210 to 0.048 for Linear Regression, from 0.210
to 0.052 for Ridge Regression, from 0.222 to 0.082 for
Random Forest, and from 0.213 to 0.069 for Gradient
Boosting, with comparable degradation observed for
the Shannon and Simpson indices across all four mod-
els (Supplementary Table S5 and Fig. 5). Random Forest
showed the smallest average degradation and the highest
spatial cross-validation R? of the four models, suggesting
marginally greater robustness to geographic extrapola-
tion, but the broader pattern of substantial performance
loss under spatial blocking was consistent across all four
modelling approaches, indicating that limited geographic
transferability is a general property of the structure—bio-
diversity relationship in this dataset rather than a limita-
tion specific to any single algorithm.

Climate Covariates and Spatial Transferability

The effect of incorporating climate variables on spatial

Fig. 5. Comparison of model performance under random versus spatial (latitude-block) cross-validation. Spatial cross-valida-
tion resulted in 59—-63% performance degradation across all biodiversity metrics, indicating limited geographic transferability

of structure-biodiversity relationships.
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Table 4. Effect of climate covariates on spatial cross-validation performance

Biodiversity Metric GEDI Only R? GEDI + Climate R? Improvement
Species Richness 0.079 +£0.195 0.116 £0.211 +0.037
Shannon Index 0.070 £ 0.143 0.088 £0.175 +0.017
Simpson Index 0.070 £ 0.108 0.092 +£0.124 +0.022

transferability was evaluated by comparing models that
included WorldClim bioclimatic variables (annual tem-
perature, temperature seasonality, annual precipitation,
and precipitation seasonality) with structure-only models
(Table 4).

Adding climate covariates improved spatial trans-
ferability by 0.02—0.04 R? units across all biodiversity
metrics. While statistically meaningful, this improvement
was insufficient to fully resolve the spatial transferability
limitation. The persistent performance gap between ran-
dom CV (R* = 0.22) and climate-augmented spatial CV
(R? = 0.12) suggests that factors beyond climate such as
biogeographic history, disturbance regimes, and regional
species pools contribute to spatial heterogeneity in struc-
ture-biodiversity relationships.

Regional Model Performance

Given the limited spatial transferability of pooled models,
region-specific calibration was evaluated by training and
validating separate Random Forest models within each state
using 5-fold cross-validation (Supplementary Table S6).

Regional calibration substantially improved model
performance, with California achieving R?> = 0.402 for
species richness nearly double the spatial CV performance
(R?=0.082) and 25% higher than the pooled model (R*=
0.321). Oregon demonstrated similar patterns with R? =
0.334. However, Washington exhibited notably weak-
er performance (R* = 0.166), potentially reflecting lower
structural heterogeneity or different species-structure re-
lationships in its forest ecosystems (Fig. 6; Fig. 7). The
regional models compared in this section (Supplementa-
ry Table S6, Fig. 6, Fig. 7) include climate covariates in
addition to GEDI structural metrics, distinguishing them
from the core structural-only models reported in Table 3
and Fig. 3.

The substantial improvement from regional calibra-
tion confirms that structure—biodiversity relationships are
region-specific. California’s superior performance may re-
flect its diverse forest types (coastal redwoods, mixed-co-
nifer, oak woodlands), providing greater variance in both
structural and biodiversity gradients for model training.

Discussion

Structural complexity as a predictor of forest biodi-
versity

The results demonstrate that GEDI-derived measures of

forest structural complexity are significantly associated
with plot-level tree diversity across the Pacific Northwest.
Structural metrics capturing canopy heterogeneity showed
consistent positive relationships with species richness and
diversity indices, supporting ecological theory that links
habitat complexity with niche availability and species
coexistence. Forests with greater vertical stratification
provide a wider range of microclimatic conditions, light
environments and resource gradients, thereby facilitating
higher species diversity (MACARTHUR and MACARTHUR,
1961; TEws et al., 2004).

These findings align with extensive evidence from
airborne LiDAR studies showing that structural heteroge-
neity is a strong proxy for biodiversity across forest eco-
systems (SIMONSON et al., 2014; MOESLUND et al., 2019).
Importantly, the present study extends these insights to
spaceborne LiDAR, confirming that GEDI captures eco-
logically meaningful variation in canopy structure despite
its coarser footprint size and sparser sampling relative to
airborne systems.

Dominance of PAI and foliage height diversity

Among all predictors evaluated, Plant Area Index (PAI)
and Foliage Height Diversity (FHD) consistently emerged
as the most influential variables. Both metrics integrate in-
formation across the full vertical profile of the canopy rath-
er than relying solely on upper-canopy height. PAI reflects
overall vegetation density and productivity, while FHD
quantifies the distribution of foliage across vertical strata,
making them direct indicators of structural niche space.

Similar dominance of vertical-complexity metrics
has been reported in previous airborne and GEDI-based
studies, which found that canopy density and foliage
distribution outperform maximum height metrics when
predicting species diversity and ecosystem functioning
(ATKINs et al., 2023; TorrRESANI et al., 2023). This con-
vergence across platforms and regions underscores the
ecological relevance of three-dimensional structure over
simple height-based measures and supports prioritizing
PAI and FHD in biodiversity modelling frameworks.

Model performance and comparison with previous
studies

This study is not the first to link GEDI-derived structure to
biodiversity: TORRESANI et al. (2023) previously demon-
strated that GEDI canopy height heterogeneity relates to
tree diversity patterns, and MANDL et al. (2023) evaluated
GEDI structural retrievals in topographically complex ter-
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Fig. 6. Wall-to-wall biodiversity prediction for Northern California forests using a regionally calibrated Random Forest model
(R?=0.40). (A) Predicted tree species richness, with dark red markers indicating FIA training plot locations (n = 2,355). (B)
GEDI-derived maximum canopy height (RH100) in meters. (C) Plant Area Index (PAI), the strongest predictor of biodiversity.
(D) Foliage Height Diversity (FHD). Predictions were generated at 0.1° (~10 km) resolution across 3,600 grid points. Species
richness predictions ranged from 1.02 to 6.12, with a mean of 2.53 species per plot. For each of the 3,600 grid points, GEDI
structural metrics were extracted using the same 500 m buffering and averaging procedure applied to FIA training plots (Section
2.5), ensuring methodological consistency between training and prediction data; grid cells lacking valid GEDI coverage (e.g.,
non-forested areas) were excluded from the prediction surface.

Detailed description of Fig. 6: Panel A shows predicted species richness across Northern California, highest along the coastal
and northern mountain ranges and declining toward the Central Valley and southeast. Panel B shows canopy height follow-
ing the same coastal-to-interior gradient, tallest in the northwest. Panel C shows Plant Area Index, highest in the northwest
coastal zone. Panel D shows foliage height diversity, highest in the same coastal and northern forested areas, fading toward
the drier interior.
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Fig. 7. Regional model performance demonstrating improved predictive accuracy with state-specific calibration. California
achieved the highest performance (R? = 0.40), substantially exceeding the pooled baseline model (R? = 0.32, dashed line).

Sample sizes shown for each region.

rain. The present study extends this line of work by direct-
ly predicting species richness and diversity indices across
a much larger, ground-truthed inventory (9,692 FIA plots
across three states) and by explicitly testing spatial trans-
ferability, which prior GEDI-biodiversity studies have not
addressed in comparable depth. Direct numerical compar-
ison with prior work is complicated by differing validation
frameworks, but useful benchmarks exist from airborne Li-
DAR studies, which operate at finer spatial resolution than
GEDI. A systematic review of airborne laser scanning bio-
diversity studies (TOIVONEN et al., 2023) reports R? values
for structure-diversity models ranging from 0.30 (LEUT-
NER et al., 2012, species richness) to 0.89 (best-case Shan-
non index model); HERNANDEZ-STEFANONI et al. (2014)
report R? = 0.39-0.49 for airborne LiDAR-based species
richness prediction in tropical dry forest; and KAMOSKE
et al. (2022), fusing LiDAR with hyperspectral imagery,
report R? = 0.46 for taxonomic tree diversity. Against this
range, the explained variance obtained here for the core
structural model (R? = 0.17-0.22 under random cross-val-
idation) sits at the lower end of what is typically reported
for airborne LiDAR studies. This is plausibly explained by
GEDTI’s substantially coarser spatial resolution and spars-
er, discontinuous footprint sampling relative to airborne
LiDAR, which achieves near-continuous canopy cover-
age; this trade-off between spaceborne GEDI’s global cov-
erage and airborne LiDAR’s finer structural resolution is
an important consideration for future work comparing the
two platforms directly on the same ground plots.
Although machine-learning models slightly out-
performed linear regression approaches, gains were rel-
atively modest, suggesting that structure—diversity rela-
tionships within temperate forests are largely monotonic
across the observed gradients. Comparable performance
levels have been reported for both airborne LiDAR and
GEDI-based biodiversity models, particularly when
ground plots and lidar footprints are not perfectly co-lo-

cated (SIMONSON et al., 2014; DUNCANSON et al., 2022).
Spatial transferability and regional variability

A key finding of this study is the pronounced decline in
predictive accuracy under spatially blocked cross-valida-
tion. This reduction indicates limited geographic transfer-
ability of structure—diversity models when applied beyond
the regions used for training. Such behaviour is consistent
with spatial ecology theory and with recent methodolog-
ical work demonstrating that random cross-validation
substantially overestimates model performance for spatial
prediction tasks (ROBERTSs et al., 2017).

Several mechanisms likely contribute to this pattern.
Species pools differ across biogeographic regions, mean-
ing similar structural configurations may support differ-
ent levels of diversity. Additionally, disturbance regimes,
land-use history and edaphic conditions vary across the
Pacific Northwest and influence forest composition in-
dependently of canopy structure. These results empha-
size that structure-biodiversity relationships are context
dependent and that regionally stratified or hierarchical
modelling approaches are preferable for large-area appli-
cations. This conclusion is strengthened by the finding that
spatial cross-validation degradation was consistent across
all four modelling approaches tested (Section 3.5), rather
than being confined to Random Forest, indicating that the
transferability limitation reflects genuine spatial heteroge-
neity in structure—biodiversity relationships rather than an
idiosyncrasy of a particular algorithm.

Role of climate in improving model generalization

Incorporating coarse bioclimatic variables led to modest
improvements in spatial transferability, indicating that cli-
mate partly mediates regional differences in structure—di-
versity relationships. Climate strongly influences species
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pools, productivity and successional trajectories, and thus
provides complementary explanatory power beyond cano-
py structure alone (HuMmaNs et al., 2005).

Nevertheless, the limited magnitude of improvement
suggests that climate alone cannot fully resolve transfer-
ability challenges. This finding is consistent with recent
multi-scale studies that highlight the need to integrate
structural, climatic and historical drivers when modelling
biodiversity across heterogeneous landscapes (DE CONTO
et al., 2024). Future approaches combining GEDI with im-
aging spectroscopy, SAR or disturbance history data may
further enhance generalization.

Methodological limitations and uncertainties

Several limitations must be considered when interpreting
these results. First, FIA plot coordinates are intentionally
perturbed for confidentiality, introducing spatial uncer-
tainty when matching plots to GEDI footprints. Although
buffering approaches mitigate this issue, residual position-
al error remains and may attenuate observed relationships
(CouLston and REams, 2004). A sensitivity analysis using
250 m and 1,000 m buffer radii on a representative subsam-
ple (n = 800) showed that model performance varied only
modestly across buffer sizes (Section 2.5; Supplementary
Table S2), suggesting that results are not highly sensitive
to this methodological choice within a reasonable range.

Second, scale mismatch between small FIA subplots
and GEDI’s ~25 m footprints introduces aggregation ef-
fects that can weaken correlations between structural met-
rics and localized species counts. Third, GEDI’s sampling
strategy results in discontinuous spatial coverage, limiting
representativeness at fine spatial scales relative to airborne
lidar. Recent GEDI-derived gridded products partially ad-
dress this limitation and may improve future biodiversity
mapping efforts (BURNS et al., 2024).

Finally, biodiversity was represented solely by tree
alpha diversity. While trees are foundational to forest
ecosystems, extending analyses to functional traits, phy-
logenetic diversity and multi-taxon assemblages would
provide a more comprehensive assessment of ecosystem
biodiversity (SCHNEIDER et al., 2017).

This study focused on structural and broad-scale cli-
matic predictors; other environmental covariates that may
influence forest biodiversity including soil properties, land-
use history, and proximity to coastal or geological features
were not incorporated due to inconsistent data availability
across the full study extent, and represent a priority for fu-
ture work. A supplementary test including plot elevation
as an additional predictor produced small but consistent
gains in explained variance (Section 3.4), suggesting fur-
ther environmental covariates may offer modest addition-
al benefit. Similarly, while this study relied on global and
locally blocked (latitude-based) modelling frameworks,
Geographically Weighted Regression (GWR) and other spa-
tially varying-coefficient approaches represent a promising
avenue for explicitly modelling spatial non-stationarity in
structure—biodiversity relationships and should be explored
in future research (ROBERTS et al., 2017).
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Implications for large-scale biodiversity monitoring

Despite these limitations, the results demonstrate the
strong potential of spaceborne LiDAR for large-scale for-
est biodiversity assessment. GEDI provides globally con-
sistent measurements of vertical forest structure, enabling
comparative analyses across regions where airborne Li-
DAR and intensive field inventories are unavailable.

The findings suggest several practical recommenda-
tions: prioritizing structural complexity metrics such as
PAI and FHD, applying spatially explicit validation strat-
egies, and adopting regionally calibrated or hierarchical
modelling frameworks. When combined with complemen-
tary sensors and gridded GEDI products, spaceborne Li-
DAR represents a critical component of next-generation
biodiversity monitoring systems capable of supporting
conservation planning and ecosystem assessment at con-
tinental scales.
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