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Tree species diversity is essential to sustaining stable forest ecosystem
functioning. However, it remains unclear how boreal tree species diversity

has changed inresponse to climate change and how it is associated with
productivity and the temporal stability of boreal forest ecosystems. By
combining 5,312 field observations and 55,560 Landsat images, here we
develop aframework to estimate boreal tree species diversity (represented
by the Shannondiversity index, H’) for the years 2000, 2010 and 2020.

We document an average increase in ' by 12% from 2000 to 2020 across
the boreal forests. This increase accounts for 53% of all boreal forest areas
and mainly occursin the eastern forest-boreal transition region, the
Okhotsk-Manchurian taiga and the Scandinavian-Russian taiga. Tree
species diversity responds positively to increasing temperatures, but the
relationship is weakened for higher temperature changes, and in areas

of extreme warming (>0.065 °C yr™)), anegative impact on tree species
diversity is found. We further show that the observed spatiotemporal
increase in diversity is significantly associated with increased productivity
and temporal stability of boreal forest biomass. Our results highlight
climate-warming-drivenincreases in boreal tree species diversity that
positively affect boreal ecosystem functioning but are countered in areas of

extreme warming.

Global forests have been documented to represent a consistent carbon
sink’ that is essential to mitigating climate warming?. The diversity of
treespeciesin forests hasbeen found to play a pivotal role in maintain-
ing the functionality of forest ecosystems as a vital carbon sink on the
basis of plot observations®, further sustaining ecosystem stability*’.
Theglobal forest extent has experienced gains and losses over the past
three decades®, owing primarily to forestry, agriculture and wildfires’,
while climate change and rising CO, have caused continental-specific
trade-offs in forest dynamics (for example, growth or mortality)® and
have been reported to cause shifts in trees species at the plot level*™°.
Yet, theresponse of tree species diversity to changes in forests over the
past few decades remains unknown at alarge spatial scale. Furthermore,

the responses of forest diversity to ecosystem productivity and sta-
bility have been documented on the basis of plot measurements*".
These relationships established at the plot level may vary depend-
ing on regional climate and soil conditions'>**, and therefore cannot
easily be used to generalize across a range of diverse environmental
conditions. Thelack of large-scale spatial continuous mapping of tree
species diversity, and the temporal dynamics thereof, impedes further
exploration of how tree species diversity contributes to various aspects
of forest ecosystem functioning.

Existing studies have attempted to estimate global forest tree
species diversity'* and vascular plant diversity on the basis of statistical
relationships between species diversity metrics and environmental
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Fig.1| Temporal changes in tree species diversity in relation to climate
warming across the boreal forest ecosystems. a, Observed and simulated
changes inair temperature during the growing season (May-October, °C) are
averaged for boreal forests during 1960-2020 and 2015-2100, on the basis of
CRU TS v.4.07 data® and the outputs of the Coupled Model Intercomparison
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Project Phase 6 (ref. 87). The shaded areas represent 95% confidence intervals.
b, Tree species diversity, represented by H’, estimated using Landsat satellite
datain2000, 2010 and 2020. The boxes and whiskers show the 5th, 25th, median,
75th and 95th percentiles of the H’ values, while the black dots show the mean of
the H’ values for each year (n =128,715,043).

variables®, but these diversity maps represent static maps provided
in coarse spatial resolution defined by the environmental input data.
Satellite-based tree species diversity estimates have been conducted
on the basis of spectral heterogeneity'®™" and have produced reason-
able predictions of tree species diversity, thereby offering improved
spatial resolution and adding a temporal dimension to the mapping.
Long-term satellite-based species diversity estimation would fur-
ther make it possible to identify temporal changes in diversity across
large spatial scales, which currently represents a major unknown.
The combined impacts of climate change and human appropriation
have profoundly transformed global forest ecosystems in recent
decades®, highlighting the urgent need for continuous, time-varying
observations.

Boreal forests represent 30% of the Earth’s total forested area?,
enduring harshwinters with freezing temperatures for approximately
six to eight months and snow cover persisting for several months'**.
Boreal forests are further characterized by a much lower diversity
of tree species than tropical forests**, and even minor positive or
negative changes in species diversity may have substantial effects on
the boreal ecosystems’ carbon uptake and stability**. For example,
Larix spp. (the dominant species across Eurasian boreal forests) are
approaching a thermal tipping point at their southern margin, which
isexpected to cause an abrupt ecological collapse of ecosystem func-
tioning (for example, the capacity of carbon uptake) of Larix spp.
under continued climate warming®. These unique characteristics
of boreal forest ecosystems make them particularly susceptible to
climate change, and boreal forests have therefore been identified as
a critical ‘tipping element’ of the Earth’s climate system?. Profound
climate warming and increasing frequency of fire activity have been
observed in boreal ecosystems®?, and the associated droughts have
beendocumented to trigger widespread increasesin tree mortality and
decreasesin the biomass carbon sink?’~*", Yet, the extent to which boreal
forest tree species diversity has undergone changes and the potential
impact on ecosystem functioning remain largely unexplored to date.
This knowledge would make anotable contribution to the assessment
of carbon sequestration sustainability in boreal forests®” and boreal
forest ecosystem transitions’*.

Inthis study, we aimto quantify changesinboreal tree species diver-
sity with climate change over recent decades and the impacts of species
diversity change on the boreal ecosystem carbon cycle. We developed
aframework to produce spatially continuous representations of forest

tree species diversity quantified by a Shannon diversity index (H")***
accounting for both species richness and evenness across the boreal
forest ecosystems (Supplementary Fig. 1). This is achieved by deploy-
ing machine learning based on a combination of field and Landsat
satellite observations for the years 2000, 2010 and 2020. We used
5,312 field observations including observations 0of 190,516 trees and a
deep learning approach based on the InceptionTime architecture to
train a predictive model. Subsequently, 55,560 Landsat scenes were
subjected to the model to upscale tree species diversity across boreal
forest ecosystems. Next, we analysed the spatiotemporal dynamics of
boreal tree species diversity inrelation to acomprehensive set of envi-
ronmental factors potentially impacting diversity (including climate,
population density, fire activity and soil conditions). Finally, we analysed
the spatiotemporal changesinboreal tree species diversity associated
with the productivity and temporal stability of boreal forest biomass.
Thisanalysisis particularly timely in the boreal areas given the observed
distinct climate warming and increase in wildfire activity in this region,
and it further contributes to generalizing our current understanding
of the associations between tree diversity and ecosystem functions.

Results
Spatiotemporal changes in tree species diversity
Theboreal biome has experienced adramaticincreaseinair tempera-
ture over the past few decades, compared with other regions across
theglobe, with continuous warming by 2100 being projected in future
climate scenarios (Fig. 1a and Supplementary Fig. 2). This warming is
expected to profoundly alter the structure and functioning of boreal
forest ecosystems. We used Landsat satellite data, trained by plot-based
measurements of tree species and adeep learning approach based on
thelnceptionTimearchitecture (Methods, Extended Data Fig.1and Sup-
plementaryFigs.3and4), to predict tree species diversity as described
by H***, withahigh accuracy (coefficient of determination (R?), 0.77;
root meansquareerror, 0.12) for the entire boreal forest area (Extended
DataFig.2). We observed a12%increase inboreal tree species diversity
by H’ values from2000 to 2020, with average H’ values increasing from
0.41+ 0.14 (mean + standard deviation) to 0.46 + 0.16 (Fig. 1b), repre-
senting a 5% + 2% increase during 2000-2010 and a 7% + 3% increase
during 2010-2020.

Large spatial variations in tree species diversity were observed
across boreal forest ecosystems (Fig. 2a-c; zoomed-in figures are
provided in Extended Data Fig. 3 for improved visual interpretation).
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Fig.2|Spatiotemporal changes in boreal tree species diversity. a-c, Spatial
patterns of tree species diversity by H’ values across boreal forests in2000 (a),
2010 (b) and 2020 (c). d, Changes in H' between 2000 and 2020 superimposed
onmean seasonal air temperature. H’ is aggregated at a spatial resolution of
1.5° x 1.5°and is shown by dots, with larger dots indicating higher diversity
gains (blue) or losses (purple). Basemap in a-d from Natural Earth
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(https://www.naturalearthdata.com/). e, Frequency plot of boreal tree species
diversity in 2000, 2010 and 2020; the vertical lines denote the mean H’ values of
0.41in2000, 0.43in 2010 and 0.46 in 2020. f, Frequency plot of gains and losses
intree species diversity during 2000-2020; the vertical dashed line represents
no changeinthe H’ value.

InEurasia, relatively high tree species diversity was observed over the
Okhotsk-Manchurian taiga and Scandinavian-Russian taiga, located
in northern Scandinavia as well as the northwestern and central
regions of Russia, with average H’ values of 0.56 + 0.16 and 0.55 + 0.18,
respectively, whereas a lower diversity (0.28 + 0.07) was observed in
the Northeast Siberian taiga located at the northern edge of Eurasia
(Fig. 2a-c and Supplementary Table 1). In North America, the eastern
forest-boreal transition region, characterized by boreal and temperate
tree species, had the highest diversity (0.77 + 0.20), followed by Central
Rockies forests (0.49 + 0.16) and Mid-Continental Canadian forests
(0.44 £ 0.12). The Alaska-Yukon lowland taiga and Northern Canadian
Shield taiga, dominated by spruce species, had the lowest diversity,
with average H’ values of 0.33 + 0.09 and 0.31 + 0.08, respectively.
Theextent of tree species diversity gains (calculated from the dif-
ferences in H’ values between 2020 and 2001; Methods) accounts for
53% of boreal forest areas (approximately 8,165,000 km?), and losses
accounted for 17% (approximately 2,684,000 km?), while areas of no
distinct change (determined by changesin H’ values ranging from -0.01
t0 0.01) were observed for 20% of all boreal forest areas (Supplementary
Table 2). Diversity gains in boreal forest were primarily observed in
the Scandinavian-Russian taiga (Fig. 2d and Supplementary Table 3),
with ' valuesincreasing by 35% + 16% (0.18 + 0.08); the Okhotsk-Man-
churian taiga (33% +17%, 0.17 £ 0.09); and the eastern forest-boreal
transition region (27% +11%, 0.19 + 0.08). Diversity losses occurred
mainly in the Kamchatka Mountain forest and the West Siberian taiga,
with H’ values decreasing by 25% +16% (-0.13 + 0.08) and 26% + 10%

(-0.13 £ 0.05), respectively. Areas of gains in diversity were mainly
observed in warmer regions, while losses tended to occur in colder
regions (Fig. 2d). Moreover, a clear reduction in the proportions of
relatively low diversity values (approximately H’ < 0.4) was observed,
accompanied by anincreasein the proportions of relatively high diver-
sity values (H’ > 0.4) at the pixel level for the three epochs from 2000 to
2020 (Fig.2e); also, a higher frequency of pixels of diversity gains than
losses was observed (a gain-to-loss ratio of 3:1) (Fig. 2f).

We further assessed the relative contributions of changes in spe-
ciesrichness and evenness to diversity dynamics using amultiple linear
regression model, on the basis of forest inventory data with repeated
measurements (n = 648; most of the plots are locatedin North America)
(Extended Data Fig. 4). The results show that in the eastern forest—
boreal transition region and Canadian Shield forests, species richness
and evenness contribute almost equally to the changesin tree species
diversity (H’ values), while the contribution of evenness (5= 0.47;
[Srepresents the sensitivity of change in diversity against changesin the
explanatory variable) significantly exceeds that of richness (8= 0.21)
inthe Northern Canadian Shield taiga and the Central Rockies forests
(0.56 versus 0.28).

Determinants of tree species diversity changes

We quantified the spatial variability in boreal tree species diversity for
the three epochs driven by arange of potential environmental variables
accounting for geographic variations in climate, soil properties and dis-
turbances (fire activity and human population density) (Supplementary
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Fig. 3| Environmental determinants of observed spatial variability in

boreal tree species diversity. a, The relative importance of predictor variables
controlling the spatial variability of boreal tree species diversity, determined by a
BRT model. The model was run ten times to avoid stochastic errors. The coloured
circlesrepresent the relative importance of each predictor variable for each run,
the bars are the mean relative importance and the error bars are one standard
deviation of the mean. TMP, mean seasonal temperature; PR, mean seasonal
precipitation; POP, human population density; OC, topsoil organic carbon;

SAND, topsoil sand fraction; CEC, cation exchange capacity; FIRE, fire activity
frequency; DEM, digital elevation model. b-e, Partial dependency plots of the
top four variables explaining variability in boreal tree species diversity for 2020.
The blue lines are smoothed representations of the responses, with fitted values
(model predictions based on the original data), and the shaded areas represent
95% confidence intervals. The distributions of the predictor observations are
indicated by the density of the vertical grey lines above the x axis.

Fig.5) usingaboosted regressiontree (BRT) algorithm (Methods). We
show that BRT can explain, on average, 62% of the spatial variability in
boreal tree species diversity (Fig. 3a). We found mean seasonal tem-
perature to be the mostimportant predictor (53%), followed by mean
seasonal precipitation (21%), while each of the remaining individual
variables contributed less than 10% to the variability in diversity, includ-
ing elevation (9%), human population density (6%), fire activity (4%),
cation exchange capacity (3%), topsoil organic carbon (2%) and topsoil
sand fraction (2%). When investigating the diversity response to an
individual variable independent of other variables (partial dependency
plots; Methods), we found that temperature shows a strong positive
impact on diversity when mean seasonal temperature is below 12 °C
(Supplementary Fig. 6), while the impact appears to reach a plateau
for values above this threshold (Fig. 3b). Precipitation shows a clear
positive effect with mean seasonal precipitation above 100 mm that
tends tosaturate after reaching 400 mm (Fig. 3c). Elevation generally
shows aweak positive impact on diversity until approximately 700 m,
beyond which elevation shows a weak negative impact (Fig. 3d). Human
population density shows a weak positive effect on diversity with popu-
lation density increasing to 1.5 people per km?, from where population
density exerts a slightly negative effect on diversity (Fig. 3e). Similar
patterns of the partial responses were observed for each individual
period (Extended Data Fig. 5 and Supplementary Figs. 7-9).

Mean seasonal temperature and precipitation exerted strong
positive effects on the spatial variation of boreal tree species diver-
sity, whereas temporal changes in diversity were observed to show a
negative response to increasing temperature over the past 20 years
(p=-0.51,P<0.01) (Fig. 4a,d). While lower rates of increasing tempera-
ture are associated with increasing trends in diversity, this relationship

gradually changes towards higher rates of increasing temperature
(exceeding 0.065 °C yr) associated with decreasing trends in diversity.
These areas of decreasing trends are primarily observed tobe located
innortheastern Siberia (Fig. 4a). Similarly, the trends in diversity show
anegative response toincreasing fire activity frequency (Fig. 4b,e). The
diversity trend generally shows a positive response to precipitation
in cases of minor positive and negative precipitation trends, whereas
for more extreme precipitation trends, the positive diversity trends
approach zero (Fig. 4c,f). Furthermore, anegative relationship between
diversity and stand age was observed across boreal forests (Extended
Data Fig. 6), with higher gains in diversity in young forests than in
mature forests. Accounting for these variables together, our analysis
reveals that temperature trends and stand age exert a greater relative
influence on regulating changesin diversity than precipitation trends
and the frequency of fire activity (Supplementary Table 4). When the
effect of stand age is removed, temperature trends play apredominant
rolein controlling changes in diversity (Supplementary Table 4).

Association with carbon fluxes, stocks and stability

We quantified the associations between boreal tree species diversity
(and spatiotemporal changes therein) and six independent indica-
tors (and spatiotemporal changes therein) characterizing forest car-
bon, including carbon fluxes (net primary production (NPP), kernel
normalized difference vegetation index (kNDVI) and vegetation opti-
cal depth climate archive Ku-band (VOD Ku-band)), carbon stocks
(aboveground-biomass-based LiDAR and optical satellite data, and
L-band passive microwave data (AGB_l1and AGB_2)) and the temporal sta-
bility of boreal forest biomass (Methods). Our results, based on a multi-
plelinear regression, show significantly (P < 0.05) positive associations
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Fig. 4| Temporal changesinboreal tree species diversity inrelation to
changes in environmental factors. a-c, Spatial distribution of trendsin tree
species diversity associated with trends in TMP (a), FIRE (b) and PR (c). H’ is
aggregated at a spatial resolution of 1.5° x 1.5° and is shown by dots, with larger
dotsindicating higher tree species diversity gains (blue) or losses (purple).
Basemap in a-c from Natural Earth (https://www.naturalearthdata.com/).

d, Response of tree species diversity trend to TMP trend. e, Response of tree
species diversity trend to fire activity frequency trend. f, Response of tree species
diversity trend to PR trend. The colours of the dots indicate the locations of
changesin TMP, FIRE and PR corresponding to the panels above. The sizes of the
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dotsindicate one standard deviation of tree species diversity trends at a spatial
resolution of 1.5° x 1.5°, with larger dots indicating higher variations of species
diversity. The solid lines are fitted by alinear or quadratic model, and the shaded
ribbons indicate the 95% confidence intervals of the fitted lines. The rugs on the
x axis show the distribution of dots, while the grey contour lines show the 50%,
75% and 95% quantiles of the occurrence probability of the dots. p indicates the
Spearman correlation coefficient between detected variables based on the raw
data. The two-sided Student’s t-test is used for statistical testing, and Pvalues are
indicated.

betweendiversity and forest carbon fluxes and stocks across spatial and
temporal scales (Fig. 5 and Supplementary Figs.10-12).

The spatial variability of all carbon indicators was significantly
associated with tree species diversity and stand age, as well as with cli-
mate, disturbances, soil properties and topography; climate variables
had the highestimpact onforest carbon, followed by diversity, distur-
bances and stand age (Fig. 5and Supplementary Fig.10). In the spatial
domain, diversity generally showed a positive relationship with forest
carbonstockand fluxes, while stand age showed a negative relationship
with carbon fluxes and a positive relationship with carbon stock (Fig. 5).
Trendsin NPP,kKNDVIand AGB_2 were significantly positively correlated
with diversity trends, while stand age showed significant negative
relationships with trends for most carbon indicators (Fig. 5 and Sup-
plementary Fig. 11). Temperature and precipitation changes showed
significant positiverelationships with trendsin NPPand AGB_1, whereas
temperature and precipitation had varying relationships with other
carbon indicators (Fig. 5 and Supplementary Fig. 11). Disturbances
were generally negatively correlated with most carbonindicators, with
the impact of fire activity being larger than that of human population

density. Elevation showed a positive correlation with most carbon
indicator trends, whereas soil characteristics were both positively and
negatively correlated (Fig. 5and Supplementary Fig.12). The temporal
stability of boreal forest biomass was also found to be significantly
associated with diversity at both spatial and temporal scales, while
being co-regulated by climate, fire activity and topography.

Discussion

We developed a data-driven tree species diversity assessment frame-
work that utilized remote sensing data in combination with in situ
observations to generate spatially continuous boreal tree species
diversity maps with a high level of spatial detail (30 m x 30 m), but
alsowithatemporal dimension covering three different epochs around
2000, 2010 and 2020. This approach thus provides distinct advan-
tages over other global mapping methods for diversity assessment’>?*
and offers an unparalleled evaluation of the nature of spatiotemporal
changesinboreal tree species diversity in response to global environ-
mental changes at different scales of time and space. The success of
thesatellite-remote-sensing-based estimates of tree species diversity
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Fig. 5| Spatiotemporal changes in boreal tree species diversity associated
with the forest carbon cycle. The colour scale indicates the strength of the
relationship (standardized coefficients ) between each predictor (bottom) and
eachresponse variable (left) (NPP, KNDVI, AGB and temporal stability of AGB) in
amultiple linear regression model. The black dots indicate significantimpacts at
a95% confidence level, and the hashed areas indicate no statistical relationships.

Diversity, climate and disturbances have mean values and temporal trends, with
Aindicating temporal trends of variables from 2000 to 2020. MODIS NPP, NPP
from the MODIS MOD17A3HGF v.6.1 product; AGB_1, L-VOD-based AGB from

the Soil Moisture and Ocean Salinity (SMOS) satellite; AGB_2, AGB from ref. 64;
Stability, temporal stability of boreal forest biomass (calculated from AGB_2 from
2000 to 2019); AGE, stand age.

was mainly attributed to spectral heterogeneity (for example, plant
chemical properties of the tissue related to photosynthetic pigments
and water, branching structure, leaf size and colour, leaf clumping and
leafangle distribution) being sufficiently characterized by information
from the visible, near-infrared and short-wave infrared regions'®*¢,
while the InceptionTime deep learning approach used here captured
wellthe complexrelationships under the varying phases. Uncertainties
inthe prediction of diversity may still exist owing to data quality, envi-
ronmental conditions (for example, lighting conditions and shadows)
andthereflectanceinfluenced by understory vegetation (that s, shrubs
and grasses) in sparse forests'®?”. However, our approach, including
the use of segmentation and multiple vegetation indices in the model
building, haslargely reduced the direct effects of changes ingreenness
and tree cover on changes in H’ (indicated by the smaller R*; Extended
DataFig.7). Future work could nonetheless consider techniques such as
spectralunmixing, radiative transfer model inversion and data fusion
to further reduce these uncertainties®®.

Not surprisingly, the spatial patterns of forest tree species diver-
sity show signs of latitudinal dependency, with decreasing species
diversity towards the tundrabiome, largely related to the temperature
gradient from higher to lower temperatures®. However, supported by
the high spatial resolution of the satellite data, the H’ maps (account-
ing for tree species richness and evenness) present distinctly spatial
variationsin diversity across areas at the same latitude, unlike previous
studies of tree species richness generally displaying monotonic and
homogeneous changesin diversity across boreal forest ecosystems™?,
This satellite-based spatial pattern of diversity may thus better reflect
natural diversity changes in boreal forests.

We documented an overall increase in boreal tree species diver-
sity during the period of analysis linked to climate warming, which is
consistent with predictions and observations of other studies®*.
Warming of the climate fosters conditions conducive to the expansion

ofboreal forests and to the proliferation of species, achieved through
mechanisms such as earlier snowmelt providing more time for seed
germination*®, sapling growth*, altered disturbance regimes** and
the augmentation of soil nutrient availability®'°. Particularly, moder-
atedisturbances could catalyse tree community responses to climate
change®, potentially shifting forest composition (both species rich-
ness and evenness) towards warm-adapted species (Extended Data
Fig. 4)—for example, a transition from coniferous species to mixed
species (temperate and boreal), as documented in southern boreal
forest areas*>**. However, we observe that the diversity increase is
negatively responding to increasing temperatures, suggesting that
warming only to a certain extent can promote boreal tree diversity.
Arapidincrease intemperature is possibly detrimental to boreal tree
diversity, because these species cannot adapt to such abrupt changes
in temperature®, whereas pioneer species may adapt to the changes
more quickly, thereby encroaching onthe habitat of other species and
potentially limiting their space and resources**. Moreover, extreme
warming is likely to surpass the thermal tolerance of trees and triggers
wildfires, resulting in tree mortality and thereby a reduction in tree
diversity*®*. Such effects could particularly be occurringin northern
regions with lower tree species diversity and scarce environmental
resources (for example, low soil nutrients and seed availability)'>*°,
hindering the recovery of tree species. Here we observe a warming
rate exceeding 0.065 °C yr' to have a negative impact on temporal
changes in diversity. Such negative effects can also be enhanced
due to the increased frequency of fire occurrences induced by rising
temperatures*®*’, aswell as the co-occurrence with warming droughts®
and an increasing vapour pressure deficit exerting a higher demand
for water availability®'.

Increasing boreal tree species diversity is further found to be asso-
ciated with high carbon stocks and the stability of boreal ecosystems,
and thus there is no potential conflict of interest between preserving
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boreal tree species diversity and emphasising the role of boreal forest
ecosystems as an essential global source of carbon sequestration®.
Additionally, changes in tree species diversity and the stability of for-
est ecosystems can also be largely regulated by tree stand age. Our
results suggest that young forests have higher increases in diversity
and carbon cycling dynamics than mature forests, which is probably
because young forests are undergoing rapid compositional/structural
transitions. Finally, we note that some uncertainty may exist regarding
the observedrelationshipsintroduced by the different datasourceson
carbonfluxes, carbon stocks and diversity, despite the efforts made (for
example, the use of different data sources) to reduce such potential
bias or uncertainty.

Ourresultsindicate thatincreasing temperatures across theboreal
zone overall corresponded to anincreasein tree species diversity over
the past two decades, but these increasing trends of diversity were
reversed in areas of extreme warming, providing new insights into the
long-termtemporal changesin diversity in response to climate change
across boreal forest ecosystems. However, here we did not account
for the response of possible changes in dominant tree species due to
climate warming, which may contribute to the change in productivity
and stability of boreal ecosystems®>**. Further studies are also needed
on the responses of forest structural diversity>* and functional trait
diversity* to climate change and their associated impacts on ecosystem
functions. Incorporating these variables would enhance our under-
standing of the underlying mechanisms governing the associations
between forest tree diversity, productivity and the temporal stability
of ecosystems. Additionally, increasing diversity is probably associ-
ated with the emergence of a biome shift*>*°, with trees and shrubs
expanding towards tundra regions**”, reshaping the structure and
functioning of boreal ecosystems. Taken together, such an expanded
knowledge base would provide a stronger foundation for promoting
solutions for sustainable ecosystem functioning and mitigating the
risk of destabilizing the terrestrial carbon sink under climate warming.

Methods

National forest inventory data

In this study, we collected boreal tree species diversity datasets from
six countries (Supplementary Table 5). The datasets include 5,312 field
observations of a total of 190,516 trees divided into 254 tree species.
Most of the datasets come from national forest inventory databases,
including Canada and China, while the remaining data come from
publicly available datasets covering the United States (Alaska)*®, north-
easternSiberia®® and Northern Europe**°. H’ was calculated on the basis
of the number and species of trees in each sample plot**®'. Consider-
ing differences in plot size across datasets, we normalized forest tree
species diversity to a common basis of 900 m?in areaand 10 cm in
threshold diameter at breast height using plot area and diameter at
breast height as predictor variables, following the approach adopted
by ref. 23.

Landsatdata

The Landsat surface reflectance data, with a spatial resolution of
30 m x 30 m, from the US Geological Survey Earth Resources Obser-
vation and Science archive were used to upscale boreal tree spe-
cies diversity. We obtained three sets of Landsat data covering the
growing season (May to October) for three time periods:1999-2001,
2009-2011 and 2019-2021. We applied a three-year time interval
for data compositions to increase the number of clear-sky satellite
observations of the different time epochs. These data were obtained
from Landsat-5 Thematic Mapper, Landsat-7 Enhanced Thematic
Mapper Plus and Landsat-8 Operational Land Imager, and they were
synthesized into monthly composites for the best-quality collection
(that is, minimal cloud, fog and snow cover) of each period using
published cross-calibration coefficients for surface reflectance
(Supplementary Fig. 3).

Carbonindicator data

Multiple and independent long-term datasetsrelated to carbon fluxand
stock were obtained to assess the association of tree species diversity
with boreal forest carbon indicators. Two datasets were used to cal-
culate the mean and changes of boreal forest carbon fluxes: the latest
optimized annual NPP from the MODIS MOD17A3HGF v.6.1 product and
the kNDVIintroduced by ref. 62. The MOD17A3HGF is generated on the
basis of the radiation use efficiency model that takes photosynthetically
activeradiation, leafareaindex, climate factor and biome parameter as
input. The kKNDVI has high correlations with plot-level measurements
of primary productivity and satellite retrievals of solar-induced fluo-
rescence, and hasthus been proposed as arobust proxy for terrestrial
carbon sink dynamics®. We calculated the kNDVI for boreal forests
from 2000 to 2020 using MODIS reflectance bands, on the basis of a
method proposed by ref. 62 (equation (1)). The formulais as follows:

@®

2
KNDVI = tanh ((M) )

20

where o represents the sensitivity of the index to sparsely/densely
vegetated regions; in this study, = 0.5 (NIR + red).

In addition to carbon flux indicators, three products measuring
carbon stocks were obtained: VOD Ku-band from the Vegetation Opti-
cal Depth Climate Archive®’; AGB_1, driven by the L-band microwave
radiometer of SMOS missions; and AGB_2, from integrated ground
and airborne measurements and MODIS and PALSAR observations
by ref. 64. The VOD Ku-band data (period 1987-2017) were generated
with combinations of multiple sensors (SSM/I, TMI, AMSR-E, WindSat
and AMSR2) using the Land Parameter Retrieval Model and are closely
related to the density, biomass and water content of vegetation®>. AGB_1
was derived from the SMOS L-VOD (vegetation optical depth of L-band
microwave missions) ascending productintheICv.1.05 (ref. 65). SMOS
L-VOD was converted to carbon density using the previously published
biomass map®® as a reference by a linear regression with mean L-VOD.
Xu et al.** mapped live biomass carbon stocks (used in this study as
AGB_2) over allwoody vegetation globally from 2000 to 2019 by using a
large number of groundinventory plots, in combinationwith LiDAR data
(ICESat) and optical and microwave satellite data (MODIS and PALSAR).

Finally, using time series of AGB_2 data, we quantified the temporal
stability of boreal forest biomass for the three epochs as the ratio of
mean AGB to its temporal standard deviation over a five-year period
(2000-2004,2008-2012 and 2014-2019), as similarly done in several
other studies®*%,

Environmental data

We collected aset of environmental variables to explore the underlying
mechanism ofthe variations of boreal tree species diversity. These vari-
ableswere grouped into four categories: climate (that s, precipitation
and temperature), soil properties (thatis, topsoil sand fraction, topsoil
organic carbon and cation exchange capacity), disturbances (that is,
fireactivity and population density) and topography (that is, elevation)
(Supplementary Table 6). Incoming solar radiation can also strongly
impactdiversity but was excluded due toits high collinearity with tem-
perature for the boreal biome. Seasonal precipitation and temperature
from 2000 to 2020 obtained from the ECMWF Reanalysis v.5 were
aggregated for the vegetation growing seasons from May to October.
Topsoil sand fraction, organic carbon and cation exchange capacity of
the clay fraction were obtained from the Regridded Harmonized World
Soil Database v.1.2. We quantified the fire frequency using the monthly
MODIS burned area product (MCD64A1) by summing the number of
fire occurrences for each 500 m pixel from 2001 to 2020. The global
human population density, provided in 30-arcsecond (approximately
1km) grid cells, was used here as an indicator of human disturbance
impacton forestresources. These data were derived from the Gridded
Population of the World Version4 Revision11, which holds the estimates
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of population density for 2000, 2010 and 2020. The global stand age
map was generated from ref. 69 using forest inventories and biomass
and climate data, which were divided into several age classes (0-150+
withadecadalinterval) ataspatial resolution of 1 km. A digital elevation
model with30 mspatial resolution was acquired fromthe ASTER Global
Elevation Model. These variables were resampled to a500 m x 500 m
spatial resolution using the bilinear interpolation method.

Shannon diversity index

Inthis study, we applied H’ (equation (2) ,whichrepresentsalpha
diversity, to characterize tree species diversity within each defined
spatial unit in boreal forests. H’ considers both tree species richness
and evenness to provide acomprehensive measure of alpha diversity:

)34,35,61

N
H ==Y piInp; 6)
i=1

where S is the total number of tree species in a plot, and p; is the pro-
portional abundance of species i relative to the total abundance of all
speciesSinaplot.

Mapping boreal tree species diversity
Satellite-remote-sensing-based diversity estimates are based on the
spectral variability hypothesis'™", which relates the spectral hetero-
geneity determined by plant biochemical and morphological differ-
ences (including photosynthetic pigments, branching structure, leaf
clumping and leaf angle distribution) to environmental heterogeneity.
Ahigher spectral heterogeneity is thus expected to be associated with
higher environmental heterogeneity that sustains more species, pro-
vidingaproxy for species diversity**’°. Toreduce the potential impact
of other land-cover types on spectral heterogeneity, we masked out all
non-forested areas where shrubs and herbaceous vegetation dominate
(tree cover less than 30%) across the boreal forests.

Accordingly, we developed a workflow for mapping boreal tree
species diversity using satellite remote sensing imagery, consisting of
the following five steps: (1) object segmentation, (2) spectral metrics,
(3) matchingtoinsitu H’, (4) prediction of H and (5) post-processing
(Extended DataFig.1).

Object segmentation. To improve the categorization of morpho-
logically similar species, we used object clustering, based on asimple
non-iterative clustering algorithm. By grouping pixels on the basis of
their spectral characteristics, shape, texture and spatial relationship
with the surrounding pixels to accurately estimate spatial/spectral
metrics, we better captured the spectral heterogeneity compared
with an individual-pixel-level-based spectral characterization. The
simple non-iterative clustering algorithm was performed by initializing
cluster centres (called seeds) at regular grid points throughout the
images of Landsat-based spectral bands and vegetation indices. Each
pixel in the image was then assigned to the nearest cluster centre on
the basis of both spatial distance and feature similarity. Various spac-
ing distances (in pixels) between seeds (that s, 5,10, 15, 20, 25,30, 40
and 50) were tested to derive the optimal seed spacing based on the
boundary recall”. After initial assignment, the cluster centres were
updated to the mean position of all the pixels assigned to that cluster,
sothatthe cluster centres better represent the pixels belonging to that
cluster. The clustersthus represent forest segments (the smallest unit
of aforest community), and the calculations of spectral metrics were
performed within each segment, with representative spectral metrics
obtained by averaging pixel-wise metrics per segment. This analysis
was implemented in Google Earth Engine.

Spectral metrics. We obtained three classes of commonly used
satellite-based spectral metrics” ™. First, we calculated the spectral
heterogeneity metrics defined as the degree of spatial variations in

spectral reflectance—thatis, the coefficient of variation, spectral angle
mapper (spectral dilation and spectral gradient) and texture features
(dissimilarity and entropy) (Supplementary Table 7). These metrics
have been proposed on the basis of different mathematical principles
(thatis, variance, distance, angle and volume) and have proved effec-
tive in capturing the spectral heterogeneity of a given area. Second,
we calculated spectral/temporal metrics and derived five statistical
metrics: median, minimum, maximum, standard deviation and mean
foreach spectral band and vegetationindex. Third, we used the original
spectral bands of the Landsat imagery and calculated six vegetation
indices for each month during the growing season (May to October).
The spectral bands, vegetation indices and temporal metrics help dif-
ferentiatebetweentrees, shrubs and herbaceous vegetation, thereby
reducing the impact of changes in tree cover on the prediction of H’.
We thus derived a total of 217 spectral metrics including 85 spectral
heterogeneity metrics, 60 spectral/temporal metrics (related to tem-
poral variations), 36 spectral bands and 36 vegetation indices, which
were ultimately calculated per segment and used as predictors for the
modelling (Supplementary Fig. 3 and Supplementary Table 8).

Matching to in situ H'. We established the spatial matching between
segment-based spectral metrics and insitu /’ included in national for-
estinventory recordsacross 5,312 sitesto derive the training samples.
Toimprove the model robustness, we alsoimplemented data augmen-
tation to increase the size of training samples. The augmentation was
applied by calculating the satellite-based spectral metrics averaged
over window sizes of 1 x1,3 x 3 and 5 x 5 pixels centred on each plot
location accounting for varying sizes in the segmented patches. This
increases variations in the training data and allows control over the
number of training samples, thereby improving the generalization
performance of modelling. By removing missing values and outliers
induced by clouds and shadows, we finally derived 20,100 samples
(each with 217 metrics) paired with in situ /, of which 70% were used
for training the model, 10% were used for validation and 20% were used
asthe test dataset.

Prediction of H'. We applied the InceptionTime architecture deep
learning approach to establish a predictive model with in situ H” as
the response variable and 217 spectral metrics as predictors. Incep-
tionTime has been extensively used for classification and regression’,
becauseitallows the model to simultaneously analyse patterns exhib-
ited at different convolutional scales and cope with time series with
complex patterns and varying temporal frequencies. We fine-tuned
InceptionTime, including deleting the maximum pooling layer, reduc-
inginception modules, adding dropout layers and modifying residual
connectionstoachieve the best architecture for the training data of this
study (Supplementary Fig. 4). A grid search method combined with
cross-validation was used to determine the optimal hyperparameters
such asfilters, kernel sizes, batch size and learning rate.

The performance of the predictive model was evaluated using a
tenfold cross-validation method, which ensures that the validation set
isindependentand spans the entire range of the data. Mean values of R*
and theroot meansquareerror over the teniterations were computed
to quantify the model performance. Finally, we established the best
model for predicting H’ using the optimal hyperparameters and the
selected predictors. The resultant model was used to generate ' maps
for the entire study areain 2000, 2010 and 2020.

Post-processing. The distortion of spectral reflectance caused by tree
shadowing, cloud cover, topography, diverse understory vegetation
and other factors may lead to larger variability or dispersion of data
records around the mean. We thus used standard errors based on the
inventory data to minimize the uncertainty of predicted H' (Supplemen-
taryFig.13). We calculated the standard deviation of H’ using the forest
inventory data with repeated measurements of H’ during different
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years in the same plot (n = 648 plots) and derived the 95th quantile
value as the maximum standard deviation corresponding to 0.20 as
the threshold applied to obtain /’ with the lowest potential uncertainty
(Supplementary Fig. 14). About 10% of the study area (approximately
1,531,000 km?) was marked as uncertain, probably due to noise and
randomness in the data, and was excluded from further analysis.

Statistical analysis

We quantified the changes of tree species diversity in boreal forests by
calculating the per-pixel difference in H’ values between the 2000s and
the 2020s. We defined distinct changes larger than 0.01 as a diversity
gain and less than —0.01 as a diversity loss, while a change ranging
between -0.01and 0.01 was defined as no distinct change, according
to the minimal units of changesin H’ values and the dependency of the
two parameters (thatis, species richness and evenness)”*’*, We used a
BRT analysis to assess the relative impacts of the explanatory variables,
including temperature, rainfall and soil properties, on the spatial distri-
bution of boreal tree diversity. This method has been used extensively
inecological studies to study response variables’>”®. BRT is an advanced
machinelearning algorithm thatiteratively fitsand combines multiple
regression tree models to improve predictive performance™’””. We
randomly selected 92,416 samples (pixels) with a minimum distance
of 50 km between neighbouring samples to establish the relationships
betweenthe explanatory variables and the response variable (H") with
the BRT model. The model was iterated ten times to avoid stochastic
errors. Partial dependency plots resulting from the BRT analysis were
derived todescribe how the tree species diversity responds to change
ineach predictorindependent of the other predictors.

We used a multiple linear regression model to explore the
responses of spatiotemporal changes in carbon indicators to diversity
as well as changing environmental variables. The carbon indicators
were used as dependent variables, while /, stand age and the other
environmental variables were used as explanatory variables. To avoid
bias introduced by spatial autocorrelation between neighbouring
samples, we calculated Moran’s index for each variable and used the
maximum distance of 50 km for the random selections of sampling
(Supplementary Table 9). Allexplanatory variables were standardized
(withanaverage of 0 and a standard deviation of 1) to obtain standard-
ized coefficients S. Significance tests were set ata 95% confidence level
(P<0.05). The analyses and graphs were performed using R v.4.2.0
(ref. 78) and with the following packages: caret’””, gbm®°, tidyverse®,
Ime4 (ref. 82) and ggplot2 (ref. 83).

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

Alldataused tosupport the findings of this study are publicly available.
The Landsat surfacereflectance dataused in this study are freely avail-
able and can be obtained from https://earthengine.google.com/. The
ECMWEF Reanalysis v.5 climatic data are available from https://www.
ecmwf.int/en/forecasts/dataset/ecmwf-reanalysis-v5. The Regridded
Harmonized World Soil Database v.1.2 is available from https://www.
fao.org/soils-portal/data-hub. The Terraand Aqua combined MCD64A1
Version 6 Burned Area dataare available from https://Ipdaac.usgs.gov/
products/mcd64alv006/. The Gridded Population of the World Version
4 dataareavailable from https://sedac.ciesin.columbia.edu/data/set/
gpw-v4-population-count-revll. The ASTER Global Elevation Model is
available from https://asterweb.jpl.nasa.gov/gdem.asp. The AGB_1data
areavailable from https://doi.org/10.3390/rs9050457, and the AGB_2
data are available from https://doi.org/10.1126/sciadv.abe9829. The
MODIS MOD17A3HGF v.6.1 product is available from https://Ipdaac.
usgs.gov/products/modl17a3hgfv061/. The VOD Ku-band data are avail-
able via Zenodo at https://doi.org/10.5281/zenod0.2575599 (ref. 84).

The boreal tree species diversity data used to complete the analyses
for the paper are available via figshare at https://doi.org/10.6084/
mo.figshare.25034342 (ref. 85). The data analyses were conducted
inR (v.4.2.0), Python (v.3.9.7), Google Earth Engine (earthengine-api
v.0.1.306) and QGIS (v.3.22.0).

Code availability
All code used in the analyses is available via GitHub at https://github.
com/surxuxu/Boreal-forest-diversity.
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Extended Data Fig. 1| See next page for caption.
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Extended Data Fig. 1| Workflow of the tree species diversity mapping bands, Vis: vegetationindices, STMs: spectral temporal metrics, SHMs: spectral
incorporating input data, object segmentation, spectral metrics heterogeneity. A detailed description of the spectral metrics can be found in
calculation, model training, testing and map prediction. SBs: spectral Supplementary Table 6.
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Extended Data Fig. 2| Feature importance and accuracy assessment of
boreal tree species diversity estimation using Landsat satellite imagery. Left,
importance ranking of results from four group of predictors Phenology: monthly
spectral bands and vegetation indices from May to October; Band + VIs: spectral
bands and vegetation indices; SHMs: spectral heterogeneity metrics (that s,

Reference H’ values

coefficient of variation (CV), spectral dilation (SD), spectral gradient (SG),
texture dissimilarity (TD), and entropy (TE)); STMs: Spectral-Temporal-Metrics.
Right, scatterplots between the in situ H' values of 10 independent validation
sample subsets (n =10, 776) obtained by a ten-fold cross-validation method and
the predicted H’ values from the best model. The red dotted lineis 1:1line.
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Extended Data Fig. 3| Zoom-in examples of true color Landsat-8 images (RGB =bands 4, 3, 2) and tree diversity predictions at different spatial scales. a-d, 200 x
200 km? e-h, 50 x 50 km?; i-1, 5 x 5 km?. The columns are true color Landsat-8 images (a, e, i) and diversity for 2000 (b, f, j), and 2010 (c, g, k), and 2020 (d, h, I).
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Extended Data Fig. 4 | The relative contributions of changes in species and evenness were standardized. The plots with repeated measurements of H
richness and evenness to the dynamics of tree species diversity. (H’) derived from forest inventory dataset were used for the analysis (n = 648). EF:
(following a Gaussian distribution), based on a multiple linear regression model Eastern forest-boreal transition; CS: Canadian Shield forests; CR: Central Rockies
with aresponse variable of changes in H’ and the explanatory variables of forests; MC: Mid-Continental Canadian forests; NC: Northern Canadian Shield
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Extended Data Fig. 5| Pairwise correlations between different environmental
variables and tree species diversity. for a, 2000, b, 2010, and ¢, 2020. The

color gradient of the legends indicates Pearson’s correlation coefficient, with
more positive/negative values (dark blue/red) indicating stronger positive/
negative correlations. Asterisks * denote the significance levels of the Pearson’s
correlation coefficients based on two-sided t-tests: *** p < 0.001, ** p < 0.01, *
p<0.05.D_2000: H’ valuesin2000, D_2010: H’ values in 2010, D_2020: H’ values
in2020, TMP_2000: mean seasonal temperature in2000; PR_2000: mean
seasonal precipitationin 2000; Fire_2000: fire activity frequency in2000;

POP_2000: human population density in2000; TMP_2010: mean seasonal
temperature in 2010; PR_2010: mean seasonal precipitationin 2010; Fire_2010:
fire activity frequency in 2010; POP_2010: human population density in 2010;
TMP_2020: mean seasonal temperature in 2020; PR_2020: mean seasonal
precipitationin 2020; Fire_2020: fire activity frequency in 2020; POP_2020:
human population density in 2020; S_OC: topsoil organic carbon; S_SAND:
topsoil sand fraction; S_CEC: cation exchange capacity; DEM: Digital Elevation
Model.
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Extended Data Fig. 6 | Temporal changes in boreal tree species diversity in
relation to stand age. Spatial distribution of trends in diversity associated with
stand age (a). 1’ is aggregated at a spatial resolution of 1.5° x 1.5° and is shown by

dots, with larger dots indicating higher diversity gains (green) or losses (purple).

b, Response of age to diversity trend. Diversity trends were binned according to
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age atintervals of 10 years. The black squares indicate average diversity trends
within eachbin, the grey lines represent the standard error of the mean of the
diversity trend, and the color bars indicate the number of grid cells in each bin.

Age:stand age.
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Extended Data Fig. 7 | Relationship between changes in NDVI/tree cover
and H' based on a multiple linear regression model. Seasonal mean (May-
October) NDVIfor 2000 (NDVI_2000) and 2020 (NDVI_2020) obtained from the
Landsat-7 and Landsat-8 satellites. The tree cover data for 2000 (TC_2000) and
2020 (TC_2020) were obtained from Hansen et al.® and the Copernicus Global
Land Service (Buchhorn et al.2019). Changes in greenness and tree cover were
calculated from the differences between NDVI_2020 and NDVI_ 2000, TC_2020

and TC_2000, respectively, and were used as explanatory variables. The S and R?
marked in black were calculated using the in situ H’ as the response variable, while
those in grey were calculated using the predicted H as the response variable.
Both NDVIand tree cover were standardised prior to the linear regression
analysis. The plots with repeated measurements of H’ derived from the forest
inventory dataset were used for this analysis (n = 648).

Nature Plants


http://www.nature.com/natureplants

nature portfolio

Corresponding author(s):  Wenmin Zhang

Last updated by author(s): Aug 8, 2024

Reporting Summary

Nature Portfolio wishes to improve the reproducibility of the work that we publish. This form provides structure for consistency and transparency
in reporting. For further information on Nature Portfolio policies, see our Editorial Policies and the Editorial Policy Checklist.

>
Q
Q
c
@
O
]
=
o
=
—
®
©O
]
=
S
(e}
wv
c
3
3
Q
<

Statistics

For all statistical analyses, confirm that the following items are present in the figure legend, table legend, main text, or Methods section.

Confirmed

>
S~
Q

X

The exact sample size (n) for each experimental group/condition, given as a discrete number and unit of measurement
A statement on whether measurements were taken from distinct samples or whether the same sample was measured repeatedly

The statistical test(s) used AND whether they are one- or two-sided
Only common tests should be described solely by name; describe more complex techniques in the Methods section.

X X

A description of all covariates tested

X X

A description of any assumptions or corrections, such as tests of normality and adjustment for multiple comparisons

A full description of the statistical parameters including central tendency (e.g. means) or other basic estimates (e.g. regression coefficient)
AND variation (e.g. standard deviation) or associated estimates of uncertainty (e.g. confidence intervals)

X

For null hypothesis testing, the test statistic (e.g. F, t, r) with confidence intervals, effect sizes, degrees of freedom and P value noted
Give P values as exact values whenever suitable.

X

For Bayesian analysis, information on the choice of priors and Markov chain Monte Carlo settings
For hierarchical and complex designs, identification of the appropriate level for tests and full reporting of outcomes

Estimates of effect sizes (e.g. Cohen's d, Pearson's r), indicating how they were calculated

OXX 00 0000 01 ol

X0

Our web collection on statistics for biologists contains articles on many of the points above.

Software and code

Policy information about availability of computer code

Data collection  Satellite remote sensing data were accessed from GEE and no softwares were used to access field measurements of data used in this study.

Data analysis Analyses were performed using R version 4.2.0 (2022) and with the following packages: caret, gbm, tidyverse, Ime4, and ggplot2 as well as
GEE. Image segmentation was processed with the SNIC algorithm while the the InceptionTime architecture deep learning approach was used
for prediction. The relevant codes for data processing can be accessed from: https://github.com/surxuxu/Boreal-forest-diversity

For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors and
reviewers. We strongly encourage code deposition in a community repository (e.g. GitHub). See the Nature Portfolio guidelines for submitting code & software for further information.

Data

Policy information about availability of data
All manuscripts must include a data availability statement. This statement should provide the following information, where applicable:
- Accession codes, unique identifiers, or web links for publicly available datasets
- A description of any restrictions on data availability
- For clinical datasets or third party data, please ensure that the statement adheres to our policy

Boreal tree species diversity data used to conduct analyses for the manuscript are available at https:// figshare.com/s/a7cac743013cf536caaf.
The Landsat surface reflectance data used in this study are freely available and can be obtained from https://earthengine.google.com/. ECMWF Reanalysis v5 (ERAS)




climatic data are available from https://www.ecmwf.int/en/forecasts/dataset/ecmwf-reanalysis-v5. Regridded Harmonized World Soil Database v.1.2 are available
from https://www.fao.org/soils-portal/data-hub. Terra and Aqua combined MCD64A1 Version 6 Burned Area data are available from https://Ipdaac.usgs.gov/
products/mcd64alv006/. Gridded Population of World Version 4 (GPWv4) are available from https://sedac.ciesin.columbia.edu/data/set/gpw-v4-population-count-
revll. ASTER Global Elevation Model are available from https://asterweb.jpl.nasa.gov/gdem.asp. The AGB_1(aboveground biomass) data are available from https://
doi.org/10.3390/rs9050457, and the AGB_2 data are available from https://doi.org/10.1126/sciadv.abe9829. MODIS MOD17A3HGF Version 6.1 product are
available from https://Ipdaac.usgs.gov/products/mod17a3hgfv061/. VOD Ku-band data are available from https://doi.org/10.5281/zenodo.2575599.

Research involving human participants, their data, or biological material

Policy information about studies with human participants or human data. See also policy information about sex, gender (identity/presentation),
and sexual orientation and race, ethnicity and racism.

Reporting on sex and gender N/A

Reporting on race, ethnicity, or  N/A
other socially relevant

groupings

Population characteristics N/A
Recruitment N/A
Ethics oversight N/A

Note that full information on the approval of the study protocol must also be provided in the manuscript.

Field-specific reporting

Please select the one below that is the best fit for your research. If you are not sure, read the appropriate sections before making your selection.

|:| Life sciences |:| Behavioural & social sciences |X| Ecological, evolutionary & environmental sciences

For a reference copy of the document with all sections, see nature.com/documents/nr-reporting-summary-flat.pdf

Ecological, evolutionary & environmental sciences study design

All studies must disclose on these points even when the disclosure is negative.

Study description This study developed a novel approach to map continuous spatial distribution of tree species diversity and explored the associated
impact on boreal ecosystem productivity and stability

Research sample We collected samples including 5,127 field observations of a total of 188,639 trees divided into 254 tree species rom from six
countries (Supplementary Table 5) and satellited-based gridded datasets.

Sampling strategy NA
Data collection Plot based data are available referring to Supplementary Table 5 and the satellite data are open access from Google Earth Engine.

Timing and spatial scale  Data covering the boreal forest ecosystem spaning 2000-2020 are used.

Data exclusions Satellite pixels with poor quality.

Reproducibility All results are being processed many time and the data and code are available from https://github.com/surxuxu/Boreal-forest-
diversity

Randomization NA

Blinding NA

Did the study involve field work? [ yes No

Reporting for specific materials, systems and methods

We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material,
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response.

>
Q
=)
e
(D
O
@)
=4
o
=
—
(D
O
@)
=
)
(@]
wv
C
=
=
)
<




Materials & experimental systems

Methods

XX NXXNXNXX s

Involved in the study

|:| Antibodies

|:| Eukaryotic cell lines

|:| Palaeontology and archaeology
|:| Animals and other organisms
|:| Clinical data

[ ] pual use research of concern

[] Plants

n/a | Involved in the study

|Z |:| ChIP-seq
|Z |:| Flow cytometry

|Z |:| MRI-based neuroimaging

>
QO
L
c
)
e,
o)
=
o
=
—
@
S,
o)
=
>
Q
wv
C
3
3
QO
<




	Boreal tree species diversity increases with global warming but is reversed by extremes

	Results

	Spatiotemporal changes in tree species diversity

	Determinants of tree species diversity changes

	Association with carbon fluxes, stocks and stability


	Discussion

	Methods

	National forest inventory data

	Landsat data

	Carbon indicator data

	Environmental data

	Shannon diversity index

	Mapping boreal tree species diversity

	Object segmentation
	Spectral metrics
	Matching to in situ H′
	Prediction of H′
	Post-processing

	Statistical analysis

	Reporting summary


	Acknowledgements

	Fig. 1 Temporal changes in tree species diversity in relation to climate warming across the boreal forest ecosystems.
	Fig. 2 Spatiotemporal changes in boreal tree species diversity.
	Fig. 3 Environmental determinants of observed spatial variability in boreal tree species diversity.
	Fig. 4 Temporal changes in boreal tree species diversity in relation to changes in environmental factors.
	Fig. 5 Spatiotemporal changes in boreal tree species diversity associated with the forest carbon cycle.
	Extended Data Fig. 1 Workflow of the tree species diversity mapping incorporating input data, object segmentation, spectral metrics calculation, model training, testing and map prediction.
	Extended Data Fig. 2 Feature importance and accuracy assessment of boreal tree species diversity estimation using Landsat satellite imagery.
	Extended Data Fig. 3 Zoom-in examples of true color Landsat-8 images (RGB = bands 4, 3, 2) and tree diversity predictions at different spatial scales.
	Extended Data Fig. 4 The relative contributions of changes in species richness and evenness to the dynamics of tree species diversity.
	Extended Data Fig. 5 Pairwise correlations between different environmental variables and tree species diversity.
	Extended Data Fig. 6 Temporal changes in boreal tree species diversity in relation to stand age.
	Extended Data Fig. 7 Relationship between changes in NDVI/tree cover and H′ based on a multiple linear regression model.




