ooo~NOoOOar~wWw N B

Mapping multiple dimensions of forest diversity using spaceborne spectroscopy

J. Antonio Guzman Q.%2*, Jonathan A. Knott 2, Jesus N. Pinto-Ledezma 2, Philip A. Townsend 4, Jeannine
Cavender-Bares 1.2*

! Department of Organismic and Evolutionary Biology, Harvard University, Cambridge, MA 02138, USA.
2 Department of Ecology, Evolution, and Behavior, University of Minnesota, Saint Paul, MN 55108, USA.
3 USDA Forest Service, Northern Research Station, Saint Paul, MN 55108, USA.

4 Department of Forest and Wildlife Ecology, University of Wisconsind Madison, Madison, WI 53706,
USA.

*Corresponding authors: J. Antonio Guzman Q. and Jeannine Cavender-Bares

Email: aguzman@fas.harvard.edu and jcavender@fas.harvard.edu

Author Contributions: J.A.G.Q. and J.C.-B. designed research; J.A.G.Q., J.AK., and J.N.P.-L.
performed research; J.A.G.Q. contributed to analytic tools and analyzed data; J.C.-B. obtained funding;
J.A.G.Q. and J.C.-B. drafted the manuscript; J.A.G.Q., J.AK., J.N.P.-L., P.A.T., and J.C.-B. wrote the final
version of the paper.


mailto:aguzman@fas.harvard.edu
mailto:jcavender@fas.harvard.edu

Abstract

Observing biodiversity across space and time is essential for advancing and verifying conservation efforts
toward global biodiversity and sustainability goals. Spaceborne imaging spectroscopy has emerged as a
revolutionary tool for quantifying and tracking forest diversity, yet its application at large spatial scales
remains a central challenge. We develop a framework to map multiple dimensions of forest community
composition and diversity by integrating imaging spectroscopy from two spaceborne sensors (DESIS and
EMIT) with taxonomic, phylogenetic, and functional trait datasets, and 43,155 forest inventory plots
across the Eastern United States. We find that spectral dissimilarity among forest communities is
positively c-diversity matrices df campdsitionabdissimilarity. We then show that imaging
spectroscopy can be used tdwersityrarddd nap muttipleddimensions af n
forest diversity at high spat idiaersityraxesaan be tseddamodeB 0
forest attributes, including forest types, Jilessiy
axes explain more than 48% of the varianced outperforming climatic and topographic predictorsd and
enable accurate mapping of 95 forest attributes. Our framework shows that spaceborne imaging
spectroscopy, when combined with inventory data, allows indirect yet comprehensive observation of
forest diversity attributes across broad spatial extents. This integrative approach sets the stage for
scalable forest monitoring in support of global biodiversity conservation and forthcoming satellite
missions.
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Main Text
Introduction

Monitoring biodiversity and its changes across space and time represents a major societal challenge
critical for sustainable management of our planet (1, 2). The accelerating loss of biodiversity and shifts in
species composition resulting from human pressures and global change underscore the urgent need to
develop effective approaches for biodiversity monitoring (3). Consequently, accurate and scalable
monitoring is essential for verifying efforts towards the sustainability targets of the Convention on

Bi ol ogi cal Diversity and for assessing whether
biodiversity loss (4). Biodiversity observation and monitoring are particularly important in forest
ecosystems, which provide essential ecosystem services and are highly vulnerable to deforestation,
pests, pathogens, and abiotic stressors. Forest biomes in North America, in particular, represent a high-
priority region for monitoring given their vast extent and their critical role in supporting life systems and
the economy (5).

Our capacity to observe biodiversity across broad spatial scales is hindered by the inherent spatial
and sampling limitations of traditional field surveys. Furthermore, field surveys are also constrained by
financial and logistical challenges, including inaccessibility of remote areas or private lands (6). As a
result, imaging spectroscopy has been proposed as a transformative approach for observing biodiversity
and advancing its conservation (7). In particular, spaceborne spectroscopy offers a promising avenue for
mapping forest diversity due to its global coverage and spatial and spectral resolutions sufficient for
biodiversity assessment (8, 9). Nonetheless, many current efforts to map plant diversity have relied on
airborne or near-surface platforms (107 19). Compared to these platforms, spaceborne spectroscopy
typically offers coarser spatial resolution (e.g., 3071 60 meters), which tends to capture forest communities
rather than individual trees or crowns. In addition, airborne and near-surface approaches often cover
limited regions and ecosystems due to their restricted spatial extent. Consequently, there is a clear need
for spaceborne spectroscopy to fill the gap of continuous forest diversity observations over extensive
areas (20), but the capability of doing so along with the multiple dimensions of forest diversity remains a
central challenge.

A growing body of literature demonstrates that spatial dissimilarity in species composition among
communitiesd known as taxonomic beta (b)-diversityd is positively associated with spectral dissimilarity

2

axes of
or 60
t l i nea:

current



(16, 217 24). This correspondence between compositional and spectral dissimilarity has been observed
using both hyperspectral airborne data and vegetation indices derived from satellite imagery. Likewise,
spectral dissimilarity among species has been shown to correlate with phylogenetic and functional
differences, with more distantly related or functionally distinct species exhibiting greater spectral
divergence (11, 18, 19). These findings might suggest that integrating spectral dissimilarity with measures
of community dissimilarity may enable the remote observation of forest diversity at broad spatial scales,
particularly in regions with well-characterized ground-based data. Moreover, community dissimilarity
metrics provide both a comprehensive view of forest diversity dimensions as well as insights into species
turnover and nestedness by partitioning b-diversity into its replacement and richness-difference
components (257 27).

Here, we present a novel framework for mapping multiple dimensions of forest community
compositiond taxonomic, phylogenetic, and functionald at a large spatial extent using spaceborne
spectroscopy (Fig. 1). Our framework further supports the characterization and mapping of forest types,
plant lineages, and community-level plant traits at broad extents through the observation of forest
community composition. To achieve this, we first evaluate the relationship between multiple dimensions
of b-diversity and spectral dissimilarity among forest communities using satellite data from the Eastern
U.S., specifically from the DLR Earth Sensing Imaging Spectrometer (DESIS), the Earth Surface Mineral
Dust Source Investigation (EMIT), and field data from the USDA Forest Service Forest Inventory and
Analysis (FIA) Program. We then assess the extent to which these spaceborne observations can predict
b-diversity ordinations. Our general hypothesis is that forest communities with dissimilar taxonomic,
phylogenetic, or functional composition exhibit higher spectral dissimilarity than communities with similar
compositions. Finally, we test the use of spectral models based on b-diversity ordinations to predict the
presence or absence of forest types and plant lineages, as well as to estimate community-weighted
means (CWM) of plant traits. The study provides a novel approach for mapping forest biodiversity and its
multiple dimensions over large spatial extents by leveraging satellite observations from two hyperspectral
spaceborne sensors and high coverage forest inventories.
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107  Figure 1. Framework for mapping forest community composition and its attributes using spaceborne
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110 ordained using multi-d i mensi onal scal i ng ( MD-&versitydardvaembinedswithl t i ng axes
111  spectral information to model and map forest community composition. These axes are also paired with

112 climatic and topographic variables to map a range of forest attributes. Together, this framework enables

113  spatial mapping of both forest community composition and associated forest attributes at large spatial

114  extent.
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116 Results and Discussion
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118 Corr esponde n c edivdrsitytandesgentral fissimilarity . We used data from 43,155 FIA plots

119 across the Eastern United States, encompassing 15,550,151 individual trees representing 243 species,

120 45 genera, and 23 families (Fig. S1). For each plot, we calculated taxonomic, phylogenetic, and functional

121 abundance-weightedbt ot al diwae r&ab t § ndh,Tr&ectively), and their partitioning

122 associated with differ en epmeer)i Nors pere eise 5 arig)dfiond s ((ii .. e.
123  these plots, we extracted 11,526 and 10,469 clear-sky pixels from DESIS and EMIT imagery,

124  respectively, corresponding to locations with spatial overlap with forest inventory data.
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We first evaluated the relationships between spectral dissimilarityd derived using Spectral Angle

Mapper (SAM)d a n d

di me n &, reveaing that coonmunities differing in composition also tend to

exhibit dissimilar spectral signatures (Fig. 2). These associations were generally stronger in spaceborne
observations from DESIS than from EMIT, as indicated by Mantel tests. Within the DESIS dataset,
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either component alone. Overall, the correspondence of our community-level findings are consistent with
previous species-level analyses using airborne spectroscopy (11, 14, 16, 24), reinforcing the potential of
u s i nogdinensions as a framework for remotely sensed forest diversity through community

dissimilarity.
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b-diversity patterns across the Eastern United States .To address the highwdli mensi or

matrices for modeling purposes, we applied Multi-Dimensional Scaling (MDS) as a data reduction
t echni gu e, wamaritas into thrge aRes. This approach revealed patterns of dissimilarity in
forest community composition and their associated spatial distributions (Fig. 3). Although all ordinations

were derived from the same i nv edand yiffbenbtanexhied axes b
stronger goodness-of-fit(R2=0. 71 and 0.60, respectivelow(R=tOHH,n MDS ax
when correlating pairwise o0r ddamaticés¢rg. Sd)i Thasarasalls s wi t h t

suggest that the structure of forest community composition is more effectively captured when
incorporating phylogenetic and functional dimensions, rather than relying solely on taxonomic identities.
Nonetheless, MDS axes were highly correlated across diversity dimensions within the same ordination
space (Fig. Sb), indicating that the relative positioning of communities is largely consistent among the

di fferent dimensions of diver si #ayrdinalidng azes ar@oaptuengge nce a

congruent patterns of community differentiation, where evolutionary history and ecological function are
closely linked and likely shaped by shared underlying processes (27, 28).
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Figure 3. Multi-Dimensional Scaling (MDS) to ordinate forest communities according to their taxonomic
(A and D), phyl ogeneti c ( B adivarsitygahd theinspalial Vauation aciossn a |
the Eastern U.S. Gray shadows (A-C) represent the projection of three-d i me n s i o0 n a-divewsity e s
onto two-dimensional planes.

The projection of weighted average scores and the correlation of climatic and topographic variables
with the MDS ordinations (Fig. S61 S9) revealed the presence of underlying climatic and topographic
gradients that likely influence forest community compositional dissimilarity. Our analyses suggested that
across all three ordinations, higher mean annual temperature (MAT) and lower values of temperature
annual range (TAR) were associated with the higher values of the first MDS axes. In contrast, lower
precipitation seasonality (PS) and higher mean annual precipitation (MAP) were associated with the
second axes, while elevation and slope correlated with the third axes. The positive associations of the
first two MDS axes with MAT and MAP are consistent with expectations based on the MDS rotation
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procedure (see Materials and Methods for details). Furthermore, the MDS ordinations appeared to
capture gradients in the CWM of plant traits and the relative abundances of plant lineages, as indicated
by the projection of weighted average scores and correlations with MDS axes (Fig. S6 i S9). Collectively,
these findings support the i nt e wapeffeetivedyicdptare dimehsirs

of forest community composition across environmental gradients.

Predicting ordinations of  forest community composition from spectra

Despite the observed differences in model performance, the Variable Importance in Projection (VIP)

. We developed a workflow
(Fig. S10) to predict MDS or dicsusihgiolbservagorsdrem OOESIS and a ¢ h
EMIT and by applying repeated Partial Least Squares Regression (PLSR) within a machine learning
framewor k. Our results demonst r adiversityaies acrosstall i s f easi
ordinations (Fig. S11 1 S14), highlighting the potential to map multiple dimensions of forest community
composition at large spatial scales. Model performance varied considerably across diversity dimensions,
MD S -diversity axes, and sensors, with training and testing R2 values ranging from 0.08 to 0.64 and
percent RMSE (%RMSE) between 17% and 29% (Tables S2 and S3). Across all models, Axes 1
consistently yielded higher R2 than Axes 2 but not Axes 3. Predictions for Axes 1 required more latent
components to achieve optimal predictions than Axes 2 or 3 (Fig. S15). Between sensors, models based
on EMIT data often outperformed those based on DESIS (Table S2 and S2).

revealed consistent spectral predictors across sensors, diversity dimensions, and MDS axes (Fig. 4). The
similarity in VIP scores across both DESIS and EMIT sensors, as well as among the different MDS axes,
underscores the robustness and generalizability of spectral-diversity relationships captured by our
models. This convergence indicates that spectral regionsd particularly those around 710, 790, and 1521
nmad consistently contribute to the prediction of community composition across taxonomic, phylogenetic,
and functional dimensions. These wavelengths are generally linked with vegetation greenness, forest
structure, water content, respectively suggesting potential spectral features that underpin key biophysical
and biochemical aspects of community composition (Table S4). The alignment of VIP profiles among
sensors suggests that forest composition signals are not sensor-specific, but instead reflect key spectral
regions that are broadly detectable from space. This finding highlights the potential for transferring
models across sensors and supports the development of a unified, sensor-agnostic framework for large-
scale diversity monitoring. Furt her mor-dversityaxes consi st en.
points to ecologically meaningful gradients that are spectrally sensed, reinforcing the utility of
spectroscopy information as a proxy for mapping forest composition. Collectively, these patterns
strengthen the feasibility of operationalizing forest biodiversity monitoring using current and future

spaceborne spectroscopy missions
CHIME (Copernicus Hyperspectral Imaging Mission for the Environment).
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b-diversity at different dimensions using spaceborne observations of DESIS and EMIT.

Predicting forest attributes . We integrated MDS axes with climatic and topographic variables using
generalized linear models (GLMs), revealing that distinct forest attributesd including forest type, the
presence or absence of plant lineages, and CWM of plant traitsd can be effectively modeled and
predicted (Fig. S161 S18). The average True Skill Statistic (TSS) for binomial models predicting

presence/absence in testing datasets was 0.6868 + 0.144 (Area Under the Curve [AUC] = 0.900 £ 0.066)
across 59 forest types, while for 28 plant lineages the performance was slightly lower (TSS = 0.54 £ 0.19,
AUC = 0.84 + 0.10). Similarly, the average R2 for continuous models predicting CWM of eight plant traits

was 0.46 £ 0.20 (%RMSE = 15.18 + 2.03). The relative importance of variables in these GLMs indicated
thatthree MDS ax es d e not dineedsiolsraaonntdu for more than 48% (+13.11%) of the total
variable importance across forest attributes. In contrast, four climatic and three topographic variables
contributed 36.48% (+11.35%) and 15.11% (+7.96%), respectively (Fig. S197 S21). The greater

explanatory p-dvemsiy

axesfoveMclingtic for topographic variables underscores the

i mportance of community context f or -dpersigydlimensians g
MDS ordinations are likely to reflect not just environmental conditions but also the outcomes of species
interactions and ecological filtering embedded within species distributions. These findings indicate that
predictions of forest attributes are shaped more by community composition than by abiotic constraints

alone, interpreting spectral signals based on realized species distributions and forest composition, rather

than fundamental niches (29,30). As a r e s ul t-diversitipBovidexare ecologically fyrounded
basis for modeling and mapping forest attributes.

By applying GLM c odversity axés eradicted froro spad&b8rnefspectroscopy at
the overlapping inventory locations, our workflow demonstrated that a wide array of forest attributes can
be inferred from space (Fig. 5 and Fig. S22i S24). The accuracy of these predictions was evaluated by

regressing expected probabilities (for categorical attributes) or CWMs (for continuous traits) from the GLM
models against their predicted values.

This validation approach revealed an average R2 of 0.69 + 0.23

(%RMSE = 16.98 + 5.51) for forest types, 0.70 £ 0.22 (%RMSE = 15.17 * 7.58) for plant lineages, and
0.49 + 0.24 (Y%RMSE = 16.83 + 3.16) for community plant traits across testing datasets, independent of
sensor platform. Although sensor-specific performance varied for some forest attributes, overall model
accuracy was relatively consistent between sensors. In general, these results highlight the potential of
combi ni ng s p e cot ordinatiorts sotgeneratenedolodically meaningful, spatially continuous

forest
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predictions of forest community compositiond paving the way for scalable biodiversity assessments from
space.
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Figure 5. Model performance for predicting attributes of forest composition from spaceborne observations
from DESIS or EMIT. Each point represents an average of 100 repeated models. Horizontal lines
represent the average performance for all forest attributes. Extended figures are shown in Fig. S227 S24.

Mapping forest community composition and their attributes . We used hyperspectral scenes of
DESIS and EMIT and applied model coefficients from the PLSR and GLM analyses to predict and map
dimensions of forest composition across the eastern U.S. and to estimate a suite of associated forest
attributes at moderately high spatial resolution (30 m or 60 m). Here, we illustrate our workflow using an
EMIT L2A scene from the southern Appalachian Mountains, spanning parts of North Carolina and
Tennessee, USA (Fig. 6). In this region, variation in forest community compositiond captured by predicted
MD S -diversity axesd aligns closely with elevation gradients. Map values and color scales correspond to
those in Fig. 3, enabling the back-projection of mapped communities within the ordination space. We
computed the uncertainty of prediction for each pixel in these composition maps as the summed
amplitude of predictions. In this particular scene, the uncertainty in the composition tends to co-vary
across dimensions, where higher values are observed in lowland areas likely due to spectral mixing of
frequent non-forest covers. Leveraging the maps of community composition in combination with climatic
and topographic variables, we then generated spatial predictions of various forest attributes. For example,
the probability of occurrence of specific forest types was modeled using taxonomic composition maps,
while maps of phylogenetic composition informed predictions of plant lineage occurrence. Similarly,
functional composition maps enabled spatial estimation of CWM of plant traits. In this region, the high
abundance of broadleaf deciduous communities at
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corresponds with the high predicted occurrence of Quercus (oak) species and oak-dominated forest types
in the scene. These areas are also characterized by elevated foliar nitrogen (N) concentrations and lower
above 1,

predicted values of leaf mass per area (LMA). In contrast, at higher elevationsd pr i mar i | y
a.s.l.0 there is a greater prevalence of evergreen coniferous communities, marked by high predicted

occurrence of Picea (spruce) species, high LMA values, and lower foliar N concentrations. Mid-

elevational zones exhibit a transitional pattern, with forest communities dominated by Acer saccharum

(sugar maple), Betula alleghaniensis (yellow birch), and Fagus grandifolia (American beech) to mention

some. Ultimately, these maps offer a scalable solution for capturing forest diversity and composition

across multiple ecological dimensions and broad spatial scales, with significant potential to enhance our
capacity to monitor and understand forest biodiversity in support of sustainability and stewardship goals.
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Figure 6. Mapping of multiple dimensions of forest diversity using EMIT across the southeast of the
United States. Top panel s re&spr @s e dbis) asethe elavationenodelo r

provided by NASA with EMIT imagery. Middle panels of community composition represent the mapping of

MD S -diversity axes based on different dimensions of diversity as well as their uncertainty. Bottom
panels describe the mapping of forest attributes associated with the occurrence of forest types, plant

10

mage

8



287
288
289
290
201
292
293
294
295
296
297
298
299
300
301
302
303
304
305
306
307
308
309
310
311
312
313
314
315
316
317
318
319
320
321
322
323
324
325
326
327
328
329
330
331
332
333
334
335
336
337
338
339
340

lineages, and CWM of pl ant divessitytes, dimatio)and topbgeaphicr e di ct e d
variables. Each pixel value represents the average of 100 repeated models.

Conclusions

Our study presents a comprehensive methodological framework for mapping dimensions of forest
diversity by integrating thousands of forest inventory plots with spaceborne imaging spectroscopy.
Spaceborne spectroscopy offers considerable potential for enhancing our ability to observe and monitor
forest biodiversity. Yet mapping forest diversity across large spatial extentsd given diverse ecosystem
patterns, high species richness, and major shifts in species compositiond presents significant challenges.
Our findings demonstrate that across the Eastern U.S., forest communities with dissimilar compositions

( e. g. ,-divarsity éxhilfit corresponding spectral dissimilarities. The correspondence between

spectral dissimilarity and compositional di gligersityi | ari ty
(i .e., taxonomic, phyl ogeneti c, -diveditypartitooingi(ienal ), for b
replacement and richness), and for spectral information from two spaceborne sensors (i.e., DESIS and

EMI T) , providing a sol i ddiversitytar@motely sense forest diverstyflrog i n si t u
space. Due to their complexity and-diersity matiddésere nsi onal it

challenging to apply directly to modeling biodiversity from satellite spectra. To address this challenge, our
framewor k empl oy 4slivessitydn whiahtthe comiinatmifi of three axes captures spatial
patterns of forest community c¢ompo diversitycanreadiydbe show t hat
used to predict biodiversity from imaging spectroscopy, and that their application to satellite observations

allows the spatial mapping of multiple dimensions of forest community composition from space. Moreover,

our modeling approach reveals regions of the electromagnetic spectrum that are consistently important

for predi c tdivergity aarase multiglef divdysity dimensions and for both spaceborne sensors,

underscore the potential for models based on imaging spectroscopy to capture signals of forest

composition and to generate a sensor-agnostic framework for large-scale diversity mapping. By
integrating a range of tdiversétysatrosadifferent diverdityedsnensions, along x e s o f
with climate and topographic variables, we further demonstrate that our framework can effectively map

forest types, plant lineages, and community plant traits. This approach reveals that forest community

compositiond c apt ur e d -divarsitp axesd pldys a stronger role than climate or topography, thus

offering a more ecologically grounded basis for mapping species occurrence and functional traits. The

effectiveness of our framework for mapping forest community composition and diverse forest attributes at

high spatial resolution and across large spatial extents sets the stage for the verification of forest

management efforts aimed at sustaining planetary biodiversity and resilience.

Materials and Methods

Study area . Our study was conducted in the Eastern continental U.S. region with an area close to
2,593,107 km? (Fig. S1). This region encompasses eight eco-climatic domains with distinct vegetation,
landforms, and ecosystem dynamics defined by the National Ecological Observatory Network (NEON)
(31). Despite its extension, this region presents a comparable timing in the peak of greenness (i.e., June
through August) (32, 33), which can be used to restrict the phenological effects on the optical properties
of forest communities.

Forest inventory data . We used inventory data collected from the Forest Inventory and Analysis (FIA)
program of the United States Department of Agriculture Forest Service (34). We used 43,155 forested
plots in the region of interest collected between January 15, 2018, and January 12t, 2023. Each inventory
plot consists of a central circular subplot (7.31 m radius) surrounded by three circular subplots at 36.57 m
from their centroids located at 0-, 120-, and 240-degree azimuths (35). Trees (> 12.7 cm diameter at
breast height) from all the subplots were used to characterize local tree communities given the spatial
resolution of the spaceborne observations. We estimate wood volume for each live tree assuming a
cylinder shape using the diameter at breast height and tree height, and then expand its value to per-unit-
area using the FIA trees-per-acre expansion factor. The resulting wood volume per unit of area was then
summed per species as a descriptor of species abundance for further analysis. We used the forest type
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with the largest proportion of occurrence that is recorded on each FIA plot as a descriptor of the forest
community for further analysis. More details about the selection of inventories and filtering of plots are
shown in Methods S1.

Taxonomic, phyl ogen e tdiversity aNee@stimhated fctt d toanla | d ihy) ®llowingt v (b
improvements by (26) based on pioneering work by (25) as a framework to estimate the taxonomic,

phylogenetic, and functional dissimilarities among tree communities. Within this framework, pairwise
comparisons of communities were performed to partition b-diversity into components of replacement

( Bplacemen, | . €., diversity explained by r emfpnesaicedversity of spec
explained by species |l oss/gain alone) . wd)lstesumwier e used
Dreplacement @ N drichnfds (See more details in (26)). We used Jaccard dissimilarity weighted by the relative

abundance of the wood volume per wunit of area in all t|

phylogenetic tree from (36)t o esti mate phyl ogenetic b (Pb) (Fig. S25)
obtained through the O6phyl o. maker §37firuRn(88) usimgrtstlurd t he V. P
scenario. Under the third scenario, V.PhyloMaker2 adds missing species to the half point of their parent

branch and uses the BLADJ approach for branch | ength e
used eight plant traits for each species (Methods S2 and Fig. S25) to summarize their variation into three
principal components (Fig. S26) and construct a dendr o

diversity (Tbh) was estimated using spewaussserd axonomi c n;:
estimated using a modification of the BAT package by (39) with C** and OpenMP as a backend to

efficiently run a large number of pairwise comparisons between communities in parallel using high-

performance computing.

Or di nat i-divessity o To rebluce the dimensionality of the taxonomic, phylogenetic and functional

trait matrices created from the forest inventory data, we applied landmark Multi-Dimensional Scaling

(MDS) to ordinate communities inthree-d i mensi ons (i . e. , axeferpachdamensionr di ng t c
of forest diversity. Each MDS was rotated to match mean annual temperature and annual precipitation

gradients derived from Worldclim 2 (40), using a sequential orthogonal rotation procedure that aligns the

ordination axes with the fitted environmental vectors via vector fitting and planar rotations. To evaluate

each ordination and their meaning, we first calculated the goodness of fit as the proportion of variance

(RY)ofwah hat i s accounted for by -dieetsiylaiedvalaeabevéest ances i n M
communities. Then, climatic, topographic, community weighted mean (CWM) of plant traits, and the

relative abundance of major plant lineages (i.e., gymnosperms, angiosperms, arbuscular mycorrhizal-,
ectomycorrhizal-symbiosis trees) were projected into these ordinations by computing the weighted means

based on the axes usi ngvedam(dl).6 wedes cuosreediveldily axebtwotmodeln o f
dimensions of forest community composition from spaceborne observations, and to estimate then

community plant traits and the occurrence probability forest types and plant lineages.

Spaceborne hyperspectral data and processing . We used scenes from two imaging spectrometers
that are docked to the International Space Station: the DLR Earth Sensing Imaging Spectrometer
(DESIS) (i.e., 30 m pixel resolution) and the Earth Surface Mineral Dust Source Investigation (EMIT) (i.e.,
60 m pixel resolution). For both sensors we used Level 2A hyperspectral scenes with less than 70% of
cloud cover that provide surface reflectance data corrected by different means (e.g., (42, 43)). For DESIS,
we only employed scenes (n = 3145) within the peak of the growing season between June 15™ to August
15t from 2019 to 2023. For EMIT, on the other hand, we only used scenes (n = 349) collected between
June 15t to August 30t of 2023 and 2024. The spectral reflectance from both sensors were transformed
using continuous wavelet transformation (CWT) in order to enhance absorption features, reduce
angular/illumination effects, and smooth the spectral signal (44). For this, we first resample the
reflectance spectra to a continuum band spacing (DESIS: 3.00 nm; EMIT: 7.43 nm) using the Full-Width-
Half-Maximum method. CWT was applied then on the resampled spectra by selecting different scales
(DESIS: 23, 24, and 25; EMIT: 22 and 23) that capture the combination of small and large reflectance
features. These scales were summed to create a summed-wavelet spectra. Bands from the transformed
spectra with potential noise, atmospheric contamination or close to the edge of the spectral range of the
sensors were removed. We ended with scenes of 173 bands with a spectral range between 449 i 965 nm

12
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for DESIS, while scenes of 179 bands with spectral ranges between 448 i 1236, 15211 1686, and 2053
T 2421 nm for EMIT. Our analyses excluded pixels with Normalized Difference Vegetation Index (NDVI,
~@o-~@8o0/ so& eop and NI R swna)lawershan 04 and 0.3, respectively, to ensure that
observations come from vegetated surfaces and exclude shadows, respectively.

Rel ati ons hi pdivdrsityandespentralfiissimilarity . We estimate spectral dissimilarity
between plots in the inventory data using the Spectral Angle Mapper (SAM) method (45). Using SAM,
reflectance spectra are n-dimensional vectors (i.e., number of bands) to estimate the spectral angle (i.e.,
0° 7 90°) between two communities and then estimate a metric of dissimilarity (i.e., 07 1), where values
close to 1 describe forest communities with contrasting spectra. Using each inventory as a reference, we
computed pairwise matrices of spectral dissimilarity between all plots (Methods S3). We performed

Mant el tests to assess the association between matri ce:

their partitions using Pearson correlations and 999 permutations. Then, using each community as a

reference, we fitted separate |linear models of spectral

their par bal tedcemdh, (chess),based o pairwise comparisons with all other communities.

Model ing mul ti pl edwersityneWesnodeladsmulopfe difmnensions of b-diversity using FIA
plots that overlap with the available transformed hyperspectral scenes. For this, we extracted pixels to
predict MDS scor es foausinganmodelind ramewvork based on edrtialfeast
squares regression (PLSR). The extraction of pixels was done using the federally protected locations of
FIA plots obtained from the National Information Management System internal to the FIA program. FIA
plots may have multiple recorded plot locations from different remeasurement years (with GPS errors up
to 10 m, (46)), so to link to the imagery, we calculated the mean latitude and longitude from all
remeasurements (when available) of each individual FIA plot following (47). From DESIS scenes, we
restrict the pixel extraction of overlapping inventories with less than * 6 years of difference between the
inventory and observation date. For each plot, we limit the number of extracted scene observations by
selecting the clear-sky observation closest to the inventory date. For further analysis we employed a total
of 11 526 and 10 469 pixels from DESIS and EMIT scenes, respectively (Fig. S1).

Our modeling framework consisted of repeated (n = 100) PLSRs using a spatial cross-validation
strategy based on stratified random sampling. For this, we first randomly split 60% of the samples
available per county for algorithm training. Then we applied spatial cross-validation models using a
subset of training samples on each iteration. For each iteration and axis, we selected 85% of training
samples, sampling randomly across histogram distributions to capture the range of axis variation along
with nominal breaks. We used a 10-fold leave-locations-out cross-validation where a series of samples
from counties are spatially excluded to train the model. This repeated framework helps us to compute the
mean and SD of the model estimates, and thus the potential uncertainty of the predictions. Once the
repeated models were computed, we determined the optimal number of components based on the spatial
cross-validation error of the RMSE of prediction (48, 49). With the optimal number of components, we
then estimate the model performance on both training and testing datasets by computing the coefficient of
determination (R?2), the bias, the root mean squared error (RMSE), and the percentage RMSE (%RMSE =
RMSE/ range of 0.99 and 0.01 quantiles x 100). From these repeated models, we extracted variable
importance in projection (VIP) scores to assess which spectral regions were most important for predicting
MD S -diversity axes, and PLSR coefficients to apply to spaceborne imagery for mapping forest
community composition (Fig. S27).

Modeling forest attributes . We modeled the occurrence of forest types and plant lineages, and the

variation community weighted me adiverbit¢a¥ds)as well asglimatiot tr ai t
and topographic variables (Methods S4). To generate these models, we followed an approach similar to

(50), but we focused on occurrence probabilitiwws and CWM
base MDS ordinations to predict tr uwbaperM®S @dinatenstor absen:

predict the true presence or absence of a plant lineage (e.g., plant family, plant genus, or mycorrhizal
symbiosi s) withi n wabasedMD$ardinationg to pradictdhe EWM of plant traits.
Forest types and plant lineages were treated as dependent binary variables, while the CWM of each plant
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449  trait was treated as a dependent continuous (Gaussian) variable for the models. For this, we trained

450 repeated generalized linear models (GLMs) following a similar machine learning framework for modeling
451  b-diversity. Overall, we first randomly split 60% of all forest inventories available per county for training
452  purposes. Then, we train GLMs (n = 100) using 10-fold cross-validation for each forest type, plant lineage
453  or plant trait using 85% of the training samples on each iteration. To overcome the imbalance of

454  observations of scarce forest types and plant lineages, we applied the random over-sampling examples
455  technique (51) on each iteration to aid the binary classification. Once the models were trained, we

456  assessed their performance using I) training and 1) testing datasets, and using IIl) predicted MDS axes
457  from spaceborne spectroscopy on datasets that were used to train previous PLSR models, and V)

458 predicted MDS axes from spaceborne spectroscopy on datasets that were used validate previous PLSR
459  models. For I and Il, categorical models of forest type and plant lineages were evaluated using true skill
460  statistic (TSS), sensitivity, specificity, and the area under the curve (AUC) of the receiver operating

461 characteristic curve (ROC), while continuous models of CWM of plant traits were evaluated using R?,
462  bias, RMSE, and %RMSE. For Il and IV, all models were evaluated using R?, bias, RMSE, and %RMSE
463  through the observed-predicted occurrence probability of forest type or plant lineages as well as the

464  observed-predicted CWM of plant traits.

465

466  Mapping b-diversity and forest attributes . We applied our predictive models to map dimensions of
467  forest community composition using scenes of DESIS and EMIT (i.e., Level 3 products), and then map
468 forest attributes associated with the occurrence probability of forest types, lineages and CWM of plant
469 traits (i.e., Level 4 products). We first applied the repeated PLSR models on DESIS and EMIT scenes to
470 generate maps of the mean estimated MDS axes associated with dimensions of community composition.
471 The uncertainty of t hdvsrsity ais dnd dimensersof diversity wéie Srapped as
472  the amplitude between the upper and lower limits of the confidence intervals at 95% of the predicted
473  values following (52), as well as the sum of amplitudes among all axes from each dimension as a

474  descriptor of the overall uncertainty. We then applied the coefficients from the repeated GLMs on these
475  MDS maps in addition to climatic and topographic layers to generate maps of forest attributes and their
476  uncertainties as described above.

477

478 We showcase an EMIT scene across the southern Appalachian Mountains in Tennessee and North
479 Carolina to illustrate the potential of our workflow to map multiple dimensions of forest diversity. This
480 scene encompasses sections of one of the most biodiverse areas of North America, including the Great
481  Smoky Mountains National Park, Nantahala National Forest, and Frozen Head State Park. We highlight
482  probability predictions of three of the most abundant forest types and plant lineages according to FIA
483 plots in the region as well as predictions of CWM of leaf mass per area, wood density, and leaf nitrogen
484  concentration. The application of our mapping efforts to all the scenes used from DESIS and EMIT are
485  available at Harvard Dataverse.

486

487  Data, Materials, and Software Availability

488

489 Forest inventory data were obtained from the USDA For e

490 through the FIA DataMart (https://apps.fs.usda.gov/fia/datamart/datamart.html). However, as noted in the
491 Methods, we used a federally protected version of the FIA database to access actual plot locations for our
492  analyses (for more information on federally protected FIA data, see

493  https://research.fs.usda.gov/programs/fia/sds). All code associated with this research is available on

494  GitHub (https://github.com/Antguz/mapping-communities), and will be archived in Zenodo under version
495 1.0 upon publication. Data that do not compromise federally protected information are being prepared for
496 release in the Harvard Dataverse. The spaceborne data products developed in this research are also
497  available through the Harvard Dataverse

498  (https://dataverse.harvard.edu/previewurl.xhtml?token=cfb44b92-ec7f-4cd8-9c7c-c2b4b43612d6).

499
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Supporting Information

Supplementary methods

Methods S1. Selection of inventoried plots from the Forest Inventory and Analysis (FIA) program across
the Eastern U.S.

The FIA program currently conducts inventories using an annualized inventory system, collecting data on
a subset of plots each year, generally 1/7 to 1/5 of plots in the Eastern U.S., leading to a 5- or 7-year
inventory cycle. We selected FIA plots from Eastern U.S. states by FIA evaluation ID (EVALID) with
inventory cycles ending in 2018-2022, the most recent inventories available as of the data query on 27 April
2023 (Table S1). We limited our query to plots with at least one forested condition. From these plots, we
selected all live trees > 12.7 cm diameter at breast height (DBH) that are sampled on four circular 7.31 m
radius subplots. Tree diameter and height were used to estimate wood volume assuming a cylinder shape,
and volume was converted to abundance per unit area by multiplying by FIA trees-per-acre adjustment
factor (TPA_UNADJ), which is based on the ratio of the subplot sampling area to one acre of land. We used
the National Ecological Observatory Network (NEON) ecoregion map (1) to further filter plots from forested
ecoregions.
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Methods S2. Integration of plant functional traits.

We collected data for eight plant functional traits: tree maximum height (H), tree slenderness (S), wood
density (WD), shade tolerance index (STI), drought tolerance index (DTI), waterlogging tolerance index
(WTI), leaf mass per area (LMA), and nitrogen content (N). H (m) was estimated as the 95-quantile value
of tree height per species among all the FIA plots that were used. S was estimated as the 50-quantile value
of the ratio between tree height and diameter at the breast height for all the trees per species among all the
FIA plots that were used. Wood density (g m=) was obtained directly from the FIA database per each
species. STI, DTI, and WTI were obtained from (2). LMA (g m?2) and N (mg g) were obtained from the
Botanical Information and Ecology Network (BIEN) database through R (3), accessed on April 6, 2024.
Data were missing for some species for traits gathered from (2) and BIEN, and therefore, we imputed them
using a phylogenetic approach following (4). We used a pruned phylogenetic tree from (5) to generate a
phyl ogenetic distance matrix of ten orthogonal
package of R (6). All plant traits with missing values and the ten orthogonal eigenvectors were integrated
into the O0mi s &)Fusing&d ttedatiohsiandcl®Oitrees to impute missing values. The resulting
imputed values were used to fill in missing traits (e.g., Fig. S25).

We applied a principal components analysis (PCA) to the complete set of plant traits per species
to summarize the variation of traits among species into three principal components. The first, second, and
third principal components explained 24.28, 17.88, and 16.32% of the variation in plant traits (Fig. S26),
respectively. We then extracted PCA scores of the first three principal components per species to construct
a functional trait dendrogram using euclidean distances among species. Finally, the functional trait
dendrogram was transformed into a phyl ogenetic
APE (8) to generate functional dissimilarity values for the calculation of functional beta diversity.
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Methods S3. Estimation of spectral dissimilarity and its regression with dimensions of beta diversity.

We compared pairwise spectral dissimilarity values among communities on selected clear-sky spaceborne

observations of FIA plots. These pairwise comparisons were calculated using smoothed reflectance

spectra, not on wavelet transformations of spectra. To smooth the reflectance spectra, we applied a
Savitzky-Golay smoothing filter on the extracted pixels from the FIA plots. This filter was applied using a

first order and two neighboring bands of length from the target bands (i.e., n = 5). The application of the

Savitzky-Gol ay filter was done using the 0s(@oWedhgnframbvedd f unct i
bands on the resulting smoothed spectra to match spectral regions used in our modelling efforts (ie., DESIS:

4497 965 nm; EMIT: 447 7 1265, 14881 1710, and 20157 2424 nm).
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Methods S4. Climatic and topographic datasets.

Weusedwel-e st abl i shed climatic and topographic datasets
diversity axes and predict forest attributes. Specifically, we employed historic climatic datasets for mean

annual temperature (MAT), temperature seasonality (TS), temperature annual range (TAR), mean annual
precipitation (MAP), and precipitation seasonality (PS) derived from Worldclim 2 (10). Likewise, we
employed topographic datasets associated with the elevation (ELE), slope (SL), and compound topographic

index (CTI) (e.g., wetness index) derived from HYDRO1k (11). The extraction of pixels from these datasets

were conducted using publicly available coordinates of FIA plots given their coarse resolution. To integrate

these climatic and topographic datasets with scenes of forest community composition to map forest
attributes, we extracted values using the centroid location of pixels from spaceborne observations.
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Supplementary tables

Table S1. Inventory end years, states, and FIA evaluation IDs (EVALIDSs) included in this study.

Inventory end year States EVALIDs

2018 Kentucky 211801
Florida, Louisiana, 121901, 221901, 251901,
2019 Massachusetts, New York, Ohio, 361901, 391901, 401901,

Oklahoma, Tennessee 471901
Kansas, Maryland, Michigan, 202001, 242001, 262001,
2020 Minnesota, New Jersey, Vermont, 272001, 342001, 502001,

West Virginia 542001
Mi%si:ssi i Missouri ,New , 132101, 172101, 182101,
2021 Ham shieg ,North Ca7rolina 232101, 282101, 292101,
Penns Ivan,ia Rhode Islanoi 832101, 372101, 422101,
South C)z;rolina, Texas, Vir ini,a 442101, 452101, 452121,

1a, 1exas, virginia, 512101, 552101
Wisconsin
2022 Alabama 12201
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Table S2. Performance summary of repeated Partial Least Square Regression models using spaceborne
observations of DESIS to predict Multi-Dimensional Scaling (MDS) axes based on matrices of dimensions
of beta diversity. Performance metrics are described by the coefficient of determination (R?), bias, the Root
Mean Square Error (RMSE), and the percentage of RMSE (%RMSE) based on the data range. Values
represent the mean and standard deviation of 100 models.

Performance metric

Dimension Dataset  Axes
R2 BIAS (x105) RMSE %RMSE
Axis 1 0.38 £ 0.00 -6.9+51.71 0.17 £ 0.00 21.84 +0.01
Training  Axis 2 0.14 £ 0.00 -3.3+33.15 0.15+0.00 25.29+0.01
Axis 3 0.08 £ 0.00 14.6 + 20.27 0.12 £ 0.00 18.25 + 0.00
Taxonomic
Axis 1 0.36 £ 0.00 402.7 £ 53.60 0.16 £ 0.00 21.87 £0.02
Testing  Axis 2 0.11 £ 0.00 -320.6 + 36.32 0.16 + 0.00 25.92 +0.02
Axis 3 0.07 £ 0.00 377.6 £ 23.62 0.12 + 0.00 18.90 + 0.01
Axis 1 0.17 £0.00 2.2 +32.86 0.14 £ 0.00 20.70 £ 0.01
Training  Axis 2 0.20 £ 0.00 15 +43.89 0.19 £ 0.00 20.33+0.01
Axis 3 0.33+0.00 -7.3+72.08 0.26 + 0.00 27.15+0.01
Phylogenetic
Axis 1 0.15 +0.00 -156.7 + 36.13 0.14 £ 0.00 21.29 +0.02
Testing  Axis 2 0.17 £0.00 631.3 £45.19 0.18 £ 0.00 20.33+0.01
Axis 3 0.31+£0.00 1265.3 + 72.83 0.26 £ 0.00 27.36 £0.02
Axis 1 0.30 £ 0.00 0.4 +48.43 0.19 + 0.00 23.28 +0.01
Training  Axis 2 0.16 + 0.00 19.3 + 30.56 0.16 + 0.00 20.03 £ 0.00
Axis 3 0.30 £ 0.00 13.8 + 60.67 0.20 £ 0.00 22.08 £0.01
Functional
Axis 1 0.27 £0.00 112.3 +51.48 0.19 £ 0.00 23.31+0.02
Testing  Axis 2 0.13 £ 0.00 378 £31.04 0.15+0.00 20.25+0.01
Axis 3 0.29 £ 0.00 731.1 + 63.07 0.20 + 0.00 22.51+0.01
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Table S3. Performance summary of repeated Partial Least Square Regression models using spaceborne
observations of EMIT to predict Multi-Dimensional Scaling (MDS) axes based on matrices of dimensions of
beta diversity. Performance metrics are described by the coefficient of determination (R?), bias, the Root
Mean Square Error (RMSE), and the percentage of RMSE (%RMSE) based on the data range. Values
represent the mean and standard deviation of 100 models.

Performance metric

Dimension Evaluation Axes
R2 BIAS (x10) RMSE %RMSE
Axis1 0.64 +0.00 -3.90 + 58.41 0.13+0.00 17.07 £ 0.01
Training Axis2 0.14 +0.00 -1.70 £ 28.04 0.14 + 0.00 23.84+£0.01
Axis3 0.33+0.00 32.50 £ 54.22 0.17 £0.00 18.88 + 0.01
Taxonomic
Axis1l 0.61+0.00 212.30 £59.32 0.13+£0.00 17.40 £ 0.02
Testing Axis2 0.13+0.00 -290.50+31.28 0.15+0.00 24.30+0.01
Axis3  0.31+0.00 96.80 + 55.58 0.18 + 0.00 19.60 £ 0.02
Axis1l 0.27 £0.00 2.90 +34.71 0.12 £ 0.00 19.56 + 0.01
Training Axis2 0.10+0.00 20.40 £ 32.47 0.19 £ 0.00 21.24 £ 0.00
Axis3  0.27 £0.00 7.90 £ 74.02 0.29 + 0.00 29.46 £ 0.01
Phylogenetic
Axis1 0.24+0.00 -578.90+36.46 0.13+0.00 20.55+0.02
Testing Axis2 0.08 £ 0.00 349.00 + 32.36 0.19 £ 0.00 20.67 £0.01
Axis3 0.24 +£0.00 483.00 + 77.06 0.29 £ 0.00 29.63 £ 0.02
Axis1 0.50+0.00 -3.60 + 59.64 0.17 £ 0.00 19.49 £ 0.01
Training Axis2  0.07 £0.00 13.40 + 24.05 0.15+0.00 20.55%0.01
Axis3 0.31+0.00 10.40 £ 65.01 0.23 £ 0.00 24.07 £0.01
Functional
Axis1l 0.46 +£0.00 261.90 + 60.66 0.17 £0.00 20.15+0.02
Testing Axis2 0.05+0.00 229.30 + 25.63 0.15+0.00 20.39+£0.02
Axis3  0.30+0.00 32.10 + 64.04 0.23+0.00 24.47 £ 0.02
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Table S4. Detailed list of spectral regions, its sensitivity, and potential ecological meaning with influence

for

pr edi cdversitygaxde Bf $ultfple dimensions of diversity using spaceborne observations of
DESIS and EMIT.

Wavelengths

Biophysical/biochemical

Potential meaning associated with plant

(nm) sensitivity communities
553 Reflectance peak due to low Proxy for variation in chlorophyll content and
absorption by chlorophyll canopy health among communities
710 Chlorophyll absorption Photosynthetic capacity and leaf nitrogen
shoulder content among communities
720 Start of the near red-edge Sensitive to chlorophyll and canopy stress; early
inflection sign of senescence
756 Near red-edge inflection Strong in vegetation indices; indicates species
differences
Sensitive to variations in leaf area index, canopy
790 Canopy structure density, and leaf scattering properties among
communities
973 Water absorption Community-level water content
1116 Leaf structural traits and dry Associated with dry matter, LMA, and some
matter lignin/cellulose content
1161 Continuation of dry matter Tracks cell structure, leaf dry matter; functionally
region differentiates among communities
1521 Strong water absorption Community-level water content
Strong absorption by lignin, cellulose, protein;
2226 Dry matter, protein, cellulose reflects C:N ratio, functional type, successional

status
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722  Fig S1. Spatial distribution of blurred plot locations from the Forest Inventory Analysis program and the
723  availability of clear sky observations from DESIS and EMIT spaceborne observations.
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Fig. S4. Scatterplot between ordination distances derived from the Multi-Dimensional Scaling analyses and
the dimensions of beta total diversity based on taxonomic (A), phylogenetic (B), and functional (C)
information. The black solid lines represent the average linear regression line when regressing distances
between a target community and all other communities. Dotted lines represent the 1:1 line. The goodness-
of-fit is calculated from the coefficient of determination of correlations between ordination axes values and
beta distances.
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Fig S6. Three-dimensional projection of weighted average scores of climatic and topography
characteristics, community-weighted mean of plant traits, and relative abundance of major plant lineages
of communities within Multi-Dimensional Scaling ordinations derived from taxonomic, phylogenetic, and
functional beta diversity. Acronyms represent, mean annual temperature (MAT), temperature seasonality
(TS), temperature annual range (TAR), annual precipitation (MAP), precipitation seasonality (PS), elevation
(ELE), slope (SLO), and compound topographic index (CTI), tree maximum height (H), tree slenderness
(SL), wood density (WD), shade tolerance index (STI), drought tolerance index (DTI), waterlogging
tolerance index (WTI), leaf mass per area (LMA), nitrogen content (N), gymnosperms (Gymno.),
angiosperms (Angio.), ectomycorrhizal symbiosis (ECM), arbuscular mycorrhizal symbiosis (AM).
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compound topographic index (CTI).
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Fig S11. Performance of training datasets of PLSR models that predict ordination axes of multiple
dimensions of tree diversity using spaceborne observations from DESIS. Values represent the mean and

standard deviation of 100 models.

36



777
778

779
780

A Taxonomic B Phylogenetic c Functional
0.5+ 0.54 0.5
04 04 0+
R2=0.36 R2=0.15 R2=0.27
/ BIAS = 0.00 / BIAS = 0.00 BIAS = 0.00
054 A RMSE =0.16 054 A RMSE = 0.14 054 £ RMSE =0.19
%RMSE = 21.87 %RMSE = 21.29 d %RMSE = 23.31
-0.5 0 0.5 -0.5 0 0.5 0.5 0 0.5
D E F
0.5+ 0.54 0.54
o
[}
g 04 04 04
173
Q
© R2=0.11 R2=0.17 R2=0.13
/ BIAS = 0.00 g BIAS = 0.01 £ BIAS = 0.00
054 A5 RMSE = 0.16 054 RMSE = 0.18 0547+ RMSE =0.15
S %RMSE = 25.92 ot %RMSE = 20.33 - %RMSE = 20.25
-0.5 0 0.5 -0.5 0 0.5 -0.5 0 0.5
G H
0.5+ 0.54 0.54
4
:
0+ 0+ 0+ s
R2=0.07 s R2=0.31 (4 R2=0.29
/ BIAS = 0.00 ~ BIAS=001 BIAS = 0.01
054 A RMSE =0.12 054 £ RMSE = 0.26 0.5+ RMSE = 0.20
%RMSE = 18.90 %RMSE = 27.36 %RMSE = 22.51
-0.5 0 0.5 -0.5 0 0.5 -0.5 0 0.5
Predicted

L SIXy

¢ SIXy

g sixy

Fig 12. Performance of testing datasets of PLSR models that predict ordination axes of multiple dimensions
of tree diversity using spaceborne observations from DESIS. Values represent the mean and standard
deviation of 100 models.
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Fig S13. Performance of training datasets of PLSR models that predict ordination axes of multiple
dimensions of tree diversity using spaceborne observations from EMIT. Values represent the mean and

standard deviation of 100 models.
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Fig S14. Performance of testing datasets of PLSR models that predict ordination axes of multiple
dimensions of tree diversity using spaceborne observations from EMIT. Values represent the mean and

standard deviation of 100 models.
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Fig S16. Performance of binary generalized linear models to predict labels of forest types from the Forest
Inventory and Analysis program using ordination axes of beta diversity based on taxonomic information,
climatic, and topographic data. Each point represents the mean estimate of 100 models.
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Fig S19. Relative importance of variables used in binary generalized linear models to predict
presence/absence of forest types within the Forest Inventory and Analysis program through axes of forest

composition, climatic, and topographic information. Axes (i.e., Axis 1, Axis 2, and Axis 3) describe the

potential forest composition from a MDS ordination of beta diversity based on taxonomic information.

Climatic variables are described by the mean annual temperature (MAT), the temperature seasonality (TS),
temperature annual range (TAR), annual precipitation (AP), and precipitation seasonality (PS). Topographic

information is described by elevation (ELE), slope (SL), and compound topographic index (CTI).
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Fig S20. Relative importance of variables used in binary generalized linear models to predict
presence/absence of plant lineages within inventories of the Forest Inventory and Analysis program through
axes of forest composition, climatic, and topographic information. Axes (i.e., Axis 1, Axis 2, and Axis 3)
describe the potential forest composition from a MDS ordination of beta diversity based on phylogenetic
information. Climatic variables are described by the mean annual temperature (MAT), the temperature
seasonality (TS), temperature annual range (TAR), annual precipitation (AP), and precipitation seasonality
(PS). Topographic information is described by elevation (ELE), slope (SL), and compound topographic
index (CTI).
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831 Fig S21. Relative importance of variables used in generalized linear models to predict the community-
832 weighted mean of plant traits within inventories from the Forest Inventory and Analysis program through
833  axes of forest composition, climatic, and topographic information. Axes (i.e., Axis 1, Axis 2, and Axis 3)
834  describe the potential forest composition from a MDS ordination of beta diversity based on functional
835 information. Climatic variables are described by the mean annual temperature (MAT), the temperature
836 seasonality (TS), temperature annual range (TAR), annual precipitation (AP), and precipitation seasonality
837 (PS). Topographic information is described by elevation (ELE), slope (SL), and compound topographic
838  index (CTI).
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Fig S22. Performance to predict the probability of forest types of inventories within the Forest Inventory and
Analysis program using climatic and topographic information as well as predicted MDS axes of dimensions
of beta diversity based on spaceborne observations of DESIS or EMIT.
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Fig S23. Performance to predict the probability of presence of plant lineages within inventories of the Forest
Inventory and Analysis program using climatic and topographic information as well as predicted MDS axes
of dimensions of beta diversity based on spaceborne observations of DESIS or EMIT. Each point represents
the mean estimate of 100 models.
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Fig S24. Performance to predict the community-weighted mean of plant traits within inventories of the
Forest Inventory and Analysis program using climatic and topographic information as well as predicted
MDS axes of dimensions of beta diversity based on spaceborne observations of DESIS or EMIT. Each

point represents the mean estimate of 100 models.
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