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PUBLIC SUMMARY
■   Stand age significantly strengthens the coupling of canopy structural complexity and biomass density.

■   Early-established structural fingerprints provide stable, biome-specific benchmarks for recovery.

■   Forest structure recovery drivers shift dynamically from temperature, to soil, and precipitation.
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Forest restoration is a critical nature-based solution, yet our understanding
of its structural development often relies on static, universal assumptions.
This  study  challenges  that  paradigm  by  revealing  the  dynamic,  context-
dependent principles of forest recovery. By integrating multisource remote
sensing data over China’s 30-year period of natural forest regeneration, we
find  that  the  positive  coupling  between  canopy  structural  complexity  and
aboveground biomass strengthens significantly  with  stand age.  We found
that  distinct  forest  biomes  exhibit  unique  structural  fingerprints  that  are
established  early  and  persist  through  early  restoration.  Crucially,  these
recovery  pathways  are  characterized  by  a  predictable  shift  in  dominant
environmental  drivers:  from  initial  filtering  mainly  by  temperature  to  mid-
stage limitation by soil  resources, and finally to regulation by precipitation
in  more  mature  stands.  This  work  presents  a  dynamic  framework  for
establishing  biome-specific  restoration  targets  and  developing  adaptive
management strategies to increase global ecosystem resilience.

 INTRODUCTION
As  a  nature-based  solution,  forest  restoration  plays  a  crucial  role  in

addressing climate change and protecting biodiversity.1-5 Therefore,  a global
call to protect forests and increase their quantity and quality exists;1 however,
monitoring  and  predicting  the  overall  effectiveness  of  these  nature-based
solutions  across  vast,  heterogeneous  landscapes  remains  a  significant
scientific challenge. While traditional field surveys can provide crucial data on
structural  and  diversity  parameters  such  as  diameter  at  breast  height,  tree
height, species diversity,  and richness,  the limited coverage and representa-
tiveness  of  field  plots  restrict  our  ability  to  accurately  capture  large-scale
ecosystem  dynamics.6-12 Consequently,  bridging  this  monitoring  gap  using
scalable  indicators  is  essential  to  accurately  assess  the  true  efficacy  of
nature-based solutions and to ensure they deliver the promised climate and
biodiversity benefits.

In recent years, ecosystem structural variables derived from remote sens-
ing  data  have  enabled  the  assessment  of  the  effectiveness  of  large-scale
restoration  programs  in  a  more  feasible,  efficient,  and  cost-effective
manner.13 Among  them,  canopy  structural  complexity  (CSC),  specifically
quantified  as  canopy  entropy,  offers  distinct  advantages  over  traditional
metrics  such  as  canopy  cover,  foliage  height  diversity,  canopy  top  rugosity,
and  fractal  dimension.14 Unlike  dimensional  metrics  that  focus  on  external
boundaries, canopy entropy accounts for the complexity of the canopy struc-
ture in both vertical and horizontal dimensions.15 By quantifying the thermo-
dynamic disorder of return energy within the lidar waveform, canopy entropy
directly  reflects  the  complexity  of  light  interception  and  niche  partitioning
processes  that  continue  to  evolve  long  after  canopy  closure.14 Therefore,  in
the context of forest recovery, canopy entropy provides a more sensitive and
comprehensive indicator of the transition from simple, single-layered cohorts
to  complex,  multi-layered mature  forests  compared  to  traditional  dimen-
sional metrics.16,17

Many  previous  studies  have  suggested  that  forests  with  more  complex
structures  have  higher  productivity  and  greater  carbon  storage  capacity,18

primarily  because  complex  canopies  can  support  higher  biomass  densities
by optimizing light-capture efficiency and space-use efficiency.19,20 This posi-
tive  structure-function  relationship  has  been  validated  in  numerous  studies
across various scales.17,18 However, most studies have revealed this relation-
ship from a static perspective, overlooking a crucial issue: forest restoration is

a  dynamic,  decades-long succession  process.  Therefore,  does  this  funda-
mental  structure-function  relationship  remain  consistent  throughout  the
entire  restoration  process?  For  instance,  in  the  early  stages  of  recovery,
forests  dominated  by  fast-growing,  light-demanding  species  may  prioritize
rapid  vertical  growth.  This  process  could  fundamentally  alter  the  nature  of
this  scaling  relationship,  distinguishing  it  from  mature  forests  regulated  by
gap  dynamics  and  complex  stratified  structures.21-25 This  suggests  that  the
scaling  exponent  linking  structure  and  function  is  a  dynamic  variable  that
evolves  across  recovery  stages.  To  date,  corresponding  research  on  time
series tests of this ecological principle at the continental scale is lacking.

Moreover, this structural recovery trajectory is unlikely to be uniform. Natu-
ral  forests  inherently  possess  complexity  and  comprise  diverse  biomes.26

Each  biome  is  shaped  by  its  unique  evolutionary  history  and  environmental
context.27 From moist,  species-rich  tropical  and  subtropical  forests  to  cold-
adapted,  resilient  boreal  forests,  the  pathways  of  structural  recovery  are
expected to vary significantly.28 This finding raises a key question: Do differ-
ent  forest  biomes  exhibit  distinct  structural  patterns  at  similar  stages  of
recovery?  Establishing  such  context-dependent  baselines  is  crucial  for
moving  beyond “one-size-fits-all” restoration  approaches.  These  baselines
enable us to set biome-specific recovery targets and more accurately assess
restoration progress. Without comprehensive continental-scale assessments,
our  understanding  of  forest  recovery  remains  fragmented  and  biased  by
studies from a limited number of ecosystems.

These  potential  divergent  recovery  pathways  further  raise  a  mechanistic
question: What  environmental  drivers  underlie  the  formation of  these differ-
ent  structures?  Although climate,  topography,  and soil  properties  have been
shown to influence the forest structure, their relative importance may change
systematically  as  the  forest  develops.  For  example,  in  young,  recovering
forests, soil nutrients may be the main bottleneck for structural development,
whereas in  mature,  stable  systems,  water  availability  or  extreme  tempera-
tures may become the dominant limiting factor.29-31 Uncovering these shifting
control  factors  is  the  key  to  moving  from  descriptive  patterns  to  predictive,
process-based models. A systematic quantification of these context-depen-
dent environmental drivers across successional time and different biomes is
lacking.

This study leverages the extensive forest restoration in China over the past
three decades  as  a  representative  natural  experiment  to  address  the  afore-
mentioned  fundamental  questions.  This  unique  context  spans  multiple
climate  zones  and  encompasses  various  forest  types  at  different  stages  of
natural  recovery,26 providing  an  unparalleled  opportunity  to  dissect  the
dynamic  processes  of  structural  restoration.  By  integrating  multisource
remote sensing data, we adopted a “space-for-time” approach to construct a
comprehensive  spatiotemporal  view  of  the  canopy  structure.32-34 While  we
acknowledge  the  inherent  assumptions  of  this  method,34 it  provides  an
unparalleled  opportunity  to  dissect  the  dynamic  processes  of  structural
maturation at a continental  scale.  Specifically,  we first  examined the univer-
sality  of  scaling  relationships  between  CSC  and  biomass  across  different
recovery  stages.  Next,  we  quantified  the  unique  structural  fingerprints  of
China's major forest biomes during restoration. Here, we define the structural
fingerprint as the characteristic,  biome-specific trajectory of CSC accumula-
tion over  time,  specifically  including two distinct  dimensions:  (1)  the magni-
tude  of  complexity  specific  to  each  recovery  stage,  and  (2)  the  temporal
persistence of relative differences among biomes. Finally, and most crucially,
we  revealed  the  shifting  combinations  of  environmental  factors  that  drive
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structural development, demonstrating that dominant controls depend simul-
taneously on both the forest biome and the recovery stage.

 MATERIALS AND METHODS
 Natural forest recovery dataset

The  spatial  and  age  distribution  data  obtained  during  natural  forest
restoration  form the  foundation  of  our  research.  The  data  were  collected  in
our previous research and are based on Landsat image collections and time
series change detection algorithms. The temporal  accuracy of this data has
been rigorously validated using independent field samples, achieving an R 2 of
over  0.7.28 For  detailed  production  processes,  please  refer  to  our  earlier
study.28 These  data  depict  the  extent  of  forests  that  have  been  reverted  to
natural  forests  through  restoration  since  1990  and  remained  so  in  2020,
along  with  their  corresponding  ages,  at  a  spatial  resolution  of  30  m
(Figure S1A).

 Canopy structural complexity dataset
We  quantified  the  structural  complexity  of  these  restored  natural  forests

using the canopy entropy metric,  which has been suggested as an effective
index  for  quantifying  forest  canopy  structural  complexity  and  successfully
captures the characteristics of  canopy structural  variation.33 Compared with
traditional  metrics  such  as  the  widely  used  indicators  canopy  cover,  foliage
height  diversity,  canopy top roughness,  and fractal  dimension,  this  indicator
overcomes  common  limitations,  including  susceptibility  to  saturation  in
structurally  complex  stands  and  insufficient  reflection  of  internal  canopy
structural  variations,  demonstrating  superior  performance.14 Moreover,  this
indicator has been shown to be significantly positively correlated with global
forest productivity and stability,17 making it an ideal comprehensive indicator
for  measuring  the  recovery  of  forest  ecological  functions.  In  this  study,  the
method and parameters established by Liu et al.17 were employed based on
Global  Ecosystem Dynamics  Investigation  (GEDI)  lidar  L2B data,  which  was
originally  designed  and  validated  for  global-scale  applications.  To  strictly
ensure the  reliability  of  the  structural  metrics  and  minimize  waveform  arti-
facts,  we  applied  rigorous  algorithm-level  quality  filters  directly  to  the  GEDI
L2B  data.  Specifically,  we  exclusively  retained  high-quality  observations  by
requiring sensitivity > 0.9, l2_quality_flag = 1, and degrade_flag = 0. In total, we
obtained  canopy  structural  complexity  data  spanning  the  entire  study  area
(Figure 2A), comprising 1,568,725 footprints at a 25 m spatial resolution.

 Ecosystem function dataset
We selected aboveground biomass density (AGBD) as the primary indica-

tor  of  ecosystem function,  specifically  representing  the  forest’s  capacity  for
carbon  storage.  The  AGBD  data  were  sourced  from  the  L4A  product  of  the
GEDI  (version  2.1),  which  provides  high-quality  footprint-scale  AGBD  data
(Mg  ha-1) with  a  spatial  resolution  of  25  m.  These  data  have  been  exten-
sively applied and validated in AGB mapping at national, regional, and global
scales.36 For this study, we extracted all  AGBD data from 2020 that spatially
overlapped  the  study  area  for  analysis  and  modeling  (Supplementary
Figure 1B).

 Environmental variables
We compiled  a  comprehensive  suite  of  variables  to  explore  the  environ-

mental effects on canopy structure recovery.
(1) Climate: nineteen bioclimatic variables from the WorldClim 2.1 database

(1  km  resolution),  representing  long-term  temperature  (including  bio_1  to
bio_11 variables) and precipitation dynamics (including bio_12 to bio_19 vari-
ables).  The bioclimatic  variables  represent  annual  trends (e.g.,  mean annual
temperature  and  annual  precipitation),  seasonality  (e.g.,  annual  ranges  of
temperature and precipitation), and extreme or limiting environmental factors
(e.g.,  temperatures  in  the  coldest  and  warmest  months  and  precipitation  in
the wet and dry quarters).

(2)  Topography:  the  elevation,  slope,  and  aspect  were  derived  from  the  1
km Shuttle Radar Topography Mission (SRTM) digital elevation model.

(3)  Soil:  soil  properties  at  a  1  km  resolution  were  obtained  from  the
National Soil Information Grids of China, generated by Liu et al.37 This dataset
includes the following 17 soil  variables at  multiple  depths across China:  pH,
soil  organic  carbon  content,  soil  organic  carbon  density,  total  nitrogen

content,  total  nitrogen  density,  total  phosphorus  content,  total  phosphorus
density,  total  potassium  content,  total  potassium  density,  cation  exchange
capacity,  bulk  density,  coarse  fragment  content,  soil  sand  content,  soil  silt
content, clay content, soil texture classes, and thickness. For each soil prop-
erty,  we  derived  a  representative  value  for  the  soil  profile  by  calculating  the
mean (for continuous variables) or mode (for categorical variables) across all
available vertical soil depth layers.

(4) Forest Biome Classification:  each recovery site was classified into one
of  15  forest  types  using  the  updated  vegetation  map of  China38 and  spatial
nearest-neighbor  assignment  to  analyze  biome-specific  dynamics.  These
forest types are cold-temperate and temperate mountain needleleaf forests;
tropical  monsoon rainforests;  tropical  rainforests;  tropical  needleleaf forests;
temperate  broadleaf  deciduous  forests;  temperate  mixed  needleleaf  and
broadleaf  deciduous  forests;  temperate  needleleaf  forests;  subtropical  and
tropical  bamboo  forests  and  scrub;  subtropical  mixed  broadleaf  evergreen
and  deciduous  forests;  subtropical  broadleaf  evergreen  forests;  subtropical
monsoon  broadleaf  evergreen  forests;  subtropical  broadleaf  deciduous
forests; subtropical mountain coniferous, evergreen broadleaf and deciduous
broadleaf  mixed  forests;  subtropical  broadleaf  evergreen  sclerophyllous
forests; and subtropical needleleaf forests.

Given  the  disparate  spatial  resolutions  of  the  data  sources  above,  we
performed a  rigorous  harmonization  process.  All  the  datasets  were  aggre-
gated to a common 0.025° grid. Within each grid cell, we calculated the mean
values for all the continuous variables and the modes for the categorical vari-
ables.

 Defining early recovery phases
We  delineated  statistically  significant,  distinct  phases  within  the  early

recovery  time series  by  employing a  data-driven approach to  determine the
optimal  age intervals for  grouping forest  plots,  thereby dividing the naturally
regenerated forests restored within the 30-year focus period of this study into
distinct  recovery stages.  The basic  principles of  this  method are as follows:
within each final  age group,  the simple linear  relationship between CSC and
AGBD  is  statistically  significant  (P <  0.05).  We  use  this  standard  to  ensure
that  each  defined  recovery  stage  has  a  sufficiently  strong  and  consistent
structure–function  signal  to  support  subsequent,  more  complex  modeling.
Moreover, given that this study focuses primarily on natural forests restored
in  the  first  30  years,  we  tested  five  age  intervals:  1,  3,  5,  6,  and  10  years,
because they evenly divide 30 into distinct stages. Through testing, we deter-
mined  that  a  10-year  interval  is  the  first  and  narrowest  width  that  meets
these criteria.  Based on this result,  we established three stages for analysis,
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Figure 1.  Influence of CSC on the AGBD across the three early recovery stages Lines
represent  the  predictions  from  a  linear  mixed-effects  model  of  log  (AGBD),  with
shaded areas indicating 95% confidence intervals. Insets display the estimated coeffi-
cients (slopes) and their 95% confidence intervals for CSC within each stage.
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namely,  1–10  years,  11–20  years,  and  21–30  years,  corresponding  to  the
early, middle, and late stages of natural forest restoration, respectively, within
30 years.

 Modeling  canopy  structural  complexity  and  aboveground  biomass
density

We  investigated  the  varying  intensities  of  CSC  effects  on  AGBD  across
different recovery stages by using modeling approaches tailored to the data
characteristics.  Specifically,  we  employed  a  linear  mixed-effects  model
(LMM) to model the natural logarithm of the AGBD. The logarithmic transfor-
mation was applied to meet the model's assumptions of normality of residuals
and� homoscedasticity.  During the modeling process,  the fixed effects of the
model  include  CSC,  three  recovery  stages,  environmental  factors,  and
crucially, the interaction term between CSC and recovery stages (CSC × Age),
as  shown  in  Eq.  1.  The  inclusion  of  this  interaction  term  was  strategic  for
verifying the robustness of the structure–function relationship. By explicitly testing
for  significant  temporal  divergence  in  the  scaling  coefficients,  we  aim  to
distinguish dynamic ecological shifts in biomass allocation from static algo-
rithmic artifacts.

To mitigate multicollinearity and reduce dimensionality among the environ-
mental  covariates,  we  applied  principal  component  analysis  (PCA)  to  the
climate, terrain, and soil variable sets. For each dataset, we retained the first
principal component (PC1), which accounted for 73.6%, 48.6%, and 33.6% of
the variance in the original variables. Finally, all the continuous predictor vari-
ables  (CSC  and  three  PCs)  were  standardized  (z-score  transformation)  to
facilitate  coefficient  comparison  and  improve  model  convergence.  Model
performance was quantified using the conditional R 2 (Eq. 2), which assesses
the variance explained by both fixed and random effects:

ln(AGBDij) =(β0 +bj)+β1 ∗CSCij+β2 ∗Stage2+β3 ∗Stage3
+β4 ∗ (CSCij ∗Stage2)+β5 ∗ (CSCij ∗Stage3)
+β6 ∗PC1climatei j+β7 ∗PC1topoi j+β8 ∗PC1soili j+ εij (1)

conditional_R2
= (σ2

f +σ2
r )/(σ

2
f +σ2

r +σ2
ε) (2)

ln(AGBDij)

ith jth β0

ln(AGBD)
bj

β1, . . . ,β8

PC1climate_ij,PC1topo_ij,PC1soil_ij

εij σ2
f

σ2
r

σ2
ε

where  is  the  dependent  variable,  which  represents  the  natural
logarithm of the AGBD value for the  plot within the  spatial  group.  is
the intercept,  which represents the average  for  the reference age
group Stage 1, when all the predictor variables are at their mean levels.  is
the  random intercept.  are  the  fixed  effect  coefficients.  Stage2 and
Stage3 represent the age groups.  are the first prin-
cipal components of the climate, topography, and soil variable sets after PCA.

 is a residual,  representing random error not explained by the model.  is
the  variance  explained  by  fixed  effects,  is  the  variance  explained  by
random effects, and  is the residual variance.

 Analyzing biome-level structural differences during restoration
We  quantified  the  trajectory  of  CSC  changes  with  age  and  explored  the

growth characteristics and differences in CSC across forest biomes by calcu-
lating  the  annual  average  CSC  and  its  95%  confidence  intervals  at  the
national scale and for each forest biome. Using these results, we conducted a
simple linear  regression analysis  to explore trends in the CSC across differ-
ent forest biomes with age. We subsequently quantified pairwise differences
in mean CSC across all 15 forest biomes within the three defined early recovery
stages  using  the  methods  described  below  to  analyze  differences  in  CSC
recovery trajectories across biomes. First, we used one-way Welch's ANOVA
to test for overall differences in mean CSC across all forest biomes. We opted
for  Welch's  ANOVA  over  the  standard  ANOVA  because  it  is  more  robust  to
violations  of  the  homogeneity  of  variance  assumption  (heteroscedasticity).
These conditions  were  confirmed  by  Levene's  test.  After  obtaining  statisti-
cally  significant  results  from  Welch's  ANOVA,  we  conducted  pairwise
comparisons  using  the  Games–Howell  post  hoc  test  to  identify  which
specific  forest  biomes  differed  significantly.  The  Games–Howell  test  is  the
most direct and appropriate follow-up analysis for Welch's ANOVA, as it does
not  assume  homogeneity  of  variances  and  provides  reliable  p-values  even
under  heteroscedasticity.  All  tests  were  performed  at  the P < 0.05  signifi-
cance level.

 Identifying dynamic environmental drivers
We developed a dynamic attribution framework to identify the environmental

drivers  of  the  differences  in  CSC  across  forest  biomes  during  recovery.  To
ensure robust attribution and mitigate multicollinearity among predictors, we
implemented a stratified feature selection strategy. First, we classified candi-
date  environmental  factors  into  four  functional  categories:  temperature,
precipitation, soil, and terrain. Within each category, we employed a stepwise
forward selection procedure combining Mutual Information (MI) and Pearson
correlation.  We  calculated  the  MI  between  the  CSC  and  each  variable  to
capture potential  nonlinear relationships.  Variables were ranked by MI score
in  descending order.  The top-ranked variable  was selected first,  and subse-
quent  variables  were  iteratively  added  to  the  subset  only  if  their  pairwise
Pearson  correlation  coefficient  with  any  already  selected  variable  in  that
group was below a threshold of 0.8. This process was repeated until the top
three independent predictors were retained for each category, constructing a
concise and informative 12-variable feature set for each biome.

Using these features, we trained an eXtreme Gradient Boosting (XGBoost)
model  for  each  restoration  stage  of  each  forest  biome  to  predict  the  CSC.
Model predictive performance was evaluated using R 2 and Root Mean Square
Error (RMSE) to ensure reliability, with the data split into 80% for training and
20% for validation. We subsequently employed the Shapley Additive exPlana-
tions  (SHAP)  method  to  interpret  these  predictive  models.  SHAP  offers  a
game-theoretic  approach  that  assigns  model  predictions  to  each  input
feature. We used the mean absolute SHAP value for each feature as its global
importance  score,  then  summed  the  SHAP  values  of  the  features  in  each
category  to  calculate  that  category's  overall  importance.  We  also  identified
the most significant influencing features for each forest biome at each stage
and  quantified  the  direction  of  their  effects.  Finally,  we  conducted  Monte
Carlo simulations  to  assess  the  robustness  of  the  obtained  driver  impor-
tance over  time.  Specifically,  for  each forest  biome at  each stage,  the entire
process  (data  partitioning,  model  training,  and  SHAP  attribution)  was
repeated  50  times.  This  process  generated  a  series  of  importance  score
distributions  for  each  driver,  allowing  us  to  calculate  the  mean  and  95%
confidence  interval,  thereby  providing  a  statistically  robust  assessment  of
how forest age influences the control of environmental factors over CSC. The
geopandas,  pandas,  statsmodels,  pingouin,  scikit-learn,  xgboost,  and  shap
libraries in Python 3.9 were used in these analyses.

 RESULTS
 Canopy  structure‒biomass  relationships  are  strengthened  during  early
forest recovery

We  first  observed  the  dynamic  evolution  of  the  relationship  between
canopy  structure  and  function  using  the  restored  natural  forest  distribution
and age data collected in China over the past 30 years (Figure 1). The linear
mixed-effects model constructed for the AGBD and CSC indicates that CSC is
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one of  the primary determinants of  the AGBD throughout the entire 30-year
period  of  forest  restoration,  as  evidenced  by  the  high  explanatory  power  of
the model (R 2 = 0.76) (Figure 1). These findings underscore the fundamental
role of the canopy structure in biomass accumulation during the early stages
of restoration.

Crucially,  however,  this  structure-function  coupling  was  not  static.  The
interaction  term  between  CSC  and  forest  age  was  highly  significant  (P <
0.001),  indicating  that  the  strength  of  the  relationship  intensifies  as  forests
mature  (Figure  1).  In  the  first  stage  of  this  study,  the  AGBD  significantly
increased with increasing CSC (P < 0.001), with an enhancement intensity of
0.48  (Figure  1).  In  subsequent  stages,  this  positive  effect  significantly
strengthened,  with  the  enhancement  intensity  increasing  to  0.51  (Figure  1).
This progressive steepening of the positive effect indicates that the influence
of canopy structure on biomass storage is not a fixed constant but gradually
increases  with  age,  reflecting  a  shift  towards  structure-dependent  biomass
accumulation in mature forests.

 Natural  restoration  of  the  forest  CSC  follows  distinct  biogeographical
patterns

After understanding this dynamic relationship between structure and func-
tion,  we  investigated  how it  manifests  across  different  forest  biomes,  using
the  CSC  as  the  primary  indicator  to  quantify  canopy-structure  recovery
trajectories. As shown in Figures 2-4, the recovery of CSC in China's natural
forests  follows  distinct  biogeographic  patterns,  leading  to  differences  in
recovery pathways across forest biomes.

The distribution pattern of the CSC in China's restored natural forests over
the past  three  decades  has  exhibited  distinct  latitudinal  and  climatic  gradi-
ents (Figure 2). The regions with the highest CSC are predominantly located
in humid tropical  and subtropical  areas,  where the average CSC exceeds 10
(Figure  2).  In  contrast,  as  latitude  increases,  the  CSC  of  China's  restored
natural  forests  decreases,  and  the  CSC  in  temperate  and  cold  temperate
zones  is  generally  lower  (Figure  2).  Quantifying  the  distribution  of  the  CSC
across  different  forest  biomes  more  explicitly  demonstrates  the  structural
heterogeneity of these restored natural forests (Figure 3). For example, tropi-
cal rainforests, tropical monsoon rainforests, and subtropical broadleaf ever-
green  forests  presented  the  highest  median  CSC  values  (Figure  3).
Conversely, the median CSC values and the distribution of values were lower
for the cold–temperate and temperate mountain needleleaf forests (Figure 3).

We also quantified the developmental trajectories of the CSC in each biome
over  these  30  years,  which  indicated  three  distinct  CSC  recovery  patterns

(Figure  4).  The  first  is  an  extremely  significant  increasing  trend  (P <  0.001)
that occurs in most forest biomes, especially in subtropical forests, where it is
particularly  pronounced  (Figure  4).  Examples  include  subtropical  needleleaf
forest (R 2 = 0.89, P < 0.001) (Figure 4I), subtropical broadleaf evergreen forest
(R 2 =  0.88, P < 0.001) (Figure 4D), and subtropical  monsoon broadleaf  ever-
green forest  (R 2 =  0.87, P < 0.001) (Figure 4G). The second shows a signifi-
cant  increasing  pattern,  with  relatively  moderate  increases  in  two  forest
types:  subtropical  and tropical  bamboo forestland and scrub (R 2 =  0.22, P <
0.01) and temperate needleleaf forest (R 2 = 0.25, P < 0.01) (Figures 4J & O).
The  third  type  is  the  nonsignificant  development  pattern,  which  primarily
occurs  in  cold–temperate  and  temperate  Mountain  needleleaf  forest  (R 2 =
0.05,  ns)  and  subtropical  mountain  coniferous,  evergreen  broadleaf  and
deciduous broadleaf mixed forest (R 2 = 0.06, ns) (Figures 4B & H). These two
types  of  CSC  have  exhibited  complex,  nonlinear  trajectories  over  the  past
three decades, with no significant increasing trend.

We compared the CSC values of different forest biomes at various stages
of recovery and calculated their average values and the differences between
them,  as  shown  in Figure  4.  The  results  indicate  that  differences  in  CSC
values among most forest biomes were already present in the initial recovery
stage  (Figure  5).  As  time  progressed,  these  differences  generally  showed  a
trend  toward  increasing  divergence  (Figure  5).  These  findings  suggest  that
biogeographic  factors  largely  determine  the  developmental  trajectory  of  the
CSC  in  these  forest  biomes.  Specifically,  during  the  first  recovery  stage,
compared  with  other  subtropical  and  temperate  forests,  forest  biomes  in
tropical regions,  such  as  tropical  rainforests  and  tropical  monsoon  rain-
forests, presented higher CSC values (Figure 5A). In contrast, forest commu-
nities in subtropical, temperate, and cold–temperate zones, such as subtropical
mountain  coniferous,  evergreen  broadleaf  and  deciduous  broadleaf  mixed
forest,  and  cold–temperate  and  temperate  mountain  needleleaf  forest,
presented relatively low CSC values in the initial stage (Figure 5A). Moreover,
this  difference  was  statistically  significant  (P <  0.05)  across  most  forest
biomes during the initial  phase (Figure 5A).  By the second and third phases,
these  significant  differences  persisted  and  tended  to  gradually  widen,
although they were not very pronounced (Figures 5B-C).

 Shifting  environmental  signatures  define  the  trajectory  of  forest  CSC
recovery

The significant differences in CSC across forest types at various stages of
restoration prompted us to further identify the environmental drivers underly-
ing  these  variations.  Prior  to  interpreting  these  drivers,  we  evaluated  the
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predictive  reliability  of  our  biome-specific  XGBoost  models.  The  models
exhibited  robust  performance  across  all  datasets,  with  a  mean R 2 of  0.54
(peaking  at  0.78)  and  RMSE  ranging  from  0.20  to  0.59  (Table  S1).  While
predictive power varied across biomes due to inherent environmental hetero-
geneity, most models effectively captured the dominant gradients. Based on
this robust  modeling framework,  the  SHAP analysis  indicates  that  the  influ-
ence  of  environmental  factors  varies  dynamically  across  restoration  stages
and differs markedly among forest biomes (Figures 6-7).

Specifically,  in  the  first  phase,  at  the  national  scale,  temperature  was  the
most  important  factor  influencing  CSC,  with  the  temperature  annual  range
being  the  most  significant  indicator  among  the  temperature  variables  and
exerting  a  negative  effect  (Figures  6 & 7A, S2-S3).  Thus,  lower  temperature
ranges (i.e.,  more thermally  stable climates) are associated with higher CSC
values  across  nearly  all  forest  types.  Soil  was  the  second  most  influential
factor, followed by topography and precipitation (Figure 6). In terms of forest
biomes, in addition to precipitation, other factors exhibited the greatest influ-
ence across different forest types (Figure 6). Among them, temperature was
the  most  critical  factor  affecting  CSC  development  in  five  forest  biomes:
subtropical broadleaf deciduous forest; subtropical broadleaf evergreen scle-
rophyllous  forest;  subtropical  mountain  coniferous,  evergreen  broadleaf  and
deciduous broadleaf mixed forest; Subtropical needleleaf forest; and subtropical

and tropical bamboo forest and scrub (Figures 6C, E, H-J & S2). For these five
biomes, the most influential individual indicators were temperature seasonal-
ity,  mean  diurnal  range,  annual  precipitation,  and  slope  (Figures  7A  & S3).
Topography was the  primary  factor  influencing CSC changes in  the  tropical
monsoon  rain  forest  during  this  stage  (Figure  6M),  with  elevation  being  the
most significant indicator of the CSC variation in the tropical monsoon rain-
forest  (Figures  7A  & S2-S3).  Soil  was  the  primary  factor  influencing  CSC
development  in  nine  forest  biomes:  cold–temperate and  temperate  moun-
tain  needleleaf  forests;  subtropical  broadleaf  evergreen  forests;  subtropical
mixed  broadleaf  evergreen  and  deciduous  forests;  subtropical  monsoon
broadleaf evergreen forests; temperate broadleaf deciduous forests; temper-
ate needleleaf  forests;  temperate  mixed  needleleaf  forests;  tropical  needle-
leaf forests; and tropical rainforests (Figures 6B, D, F-G, K-L, N-P & S2). The
key  indicators  affecting  these  biomes  were  soil  thickness,  bulk  density,
precipitation seasonality, coarse fragment content, soil thickness, soil organic
carbon,  total  phosphorus  density,  minimum  temperature  in  the  coldest
month, and cation exchange capacity (Figures 7A & S3). Overall, temperature
and soil were the dominant factors influencing CSC development in the early
stages of the restoration of natural forests in China.

As  forests  enter  the  second  stage  of  restoration,  the  overall  influence  of
environmental factors tends to decrease across the entire forest ecosystem
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and  all  forest  biomes  (Figure  5).  The  sequence  of  the  influence  of  different
factors  on  the  CSC  and  the  primary  impact  indicators  in  various  forest
biomes  also  changed  (Figures  6 & 7B).  During  this  stage,  temperature
became the most significant factor in only the CSC development of subtropi-
cal broadleaf deciduous forest and temperate mixed needleleaf and broadleaf
deciduous  forest,  with  the  leading  indicators  for  these  two  types  remaining
the same as those in the first stage (Figures 6C, N & S4-S5). Precipitation still
did  not  show  a  prominent  overall  effect  on  any  of  the  biomes  (Figure  6).
Compared  with  those  in  the  first  stage,  topographic  factors  became  the
dominant factors influencing CSC in more forest types, including subtropical
and tropical bamboo forest and scrub, tropical monsoon rainforest, and tropi-
cal  rainforest  (Figures  6J, M  &  P);  however,  elevation  was  the  only  topo-
graphic  factor  that  emerged  as  the  most  critical  indicator  for  CSC  in  the
above  tropical  monsoon  rainforest,  whereas  temperature  seasonality  and
annual  precipitation  were  the  primary  indicators  for  subtropical  and  tropical
bamboo  forest  and  scrub  and  tropical  rainforest  (Figures  7B  & S4-S5).  Soil
factors continued to stand out during this stage, not only replacing tempera-
ture  as  the  most  critical  factor  in  the  CSC  recovery  of  China's  forests  in
general  but  also  becoming  the  dominant  factor  in  the  CSC  changes  in  10
forest  biomes:  cold–temperate  and  temperate  mountain  needleleaf  forest;
subtropical broadleaf evergreen forest; subtropical broadleaf evergreen scle-
rophyllous  forest;  subtropical  mixed  broadleaf  evergreen  and  deciduous
forest; subtropical  monsoon  broadleaf  evergreen  forest;  subtropical  moun-
tain  coniferous,  evergreen  broadleaf  and  deciduous  broadleaf  mixed  forest;
subtropical needleleaf forest; temperate broadleaf deciduous forest; temperate
needleleaf forest; and tropical needleleaf forest (Figures 6B, D-I, K-L, O & S4).
The primary indicators influencing CSC changes in these 10 biomes were soil
thickness, bulk density, soil organic carbon density, slope, soil thickness, soil
sand content,  mean temperature  in  the warmest  quarter,  soil  thickness,  soil
organic carbon, and minimum temperature in the coldest month, respectively
(Figures 7B & S5). Hence, during this period, soil  factors undeniably became
the  most  dominant  factors  influencing  changes  in  CSC  during  the  natural
forest restoration process.

In the third stage, the overall  influence of environmental factors increased
again. The dominant factor categories and key indicators changed once more
compared with the previous two stages (Figure 6). Precipitation became the
most  critical  factor  affecting  the  recovery  of  natural  forest  CSC  nationwide,
with annual precipitation emerging as the most significant indicator (Figures
6A  & S6-S7).  Similarly,  precipitation  played  the  most  important  role  in  the
CSC recovery  of  subtropical  needleleaf  forests,  with  precipitation  during  the

driest  month  being  the  most  influential  indicator  (Figures  6I,  C  & S6-S7).
Temperature-related  factors  also  began  to  dominate  the  CSC  changes  in
more  forest  biomes,  including  cold–temperate  and  temperate  mountain
needleleaf  forests;  subtropical  broadleaf  evergreen  sclerophyllous  forests;
subtropical  mountain  coniferous,  evergreen  broadleaf  and  deciduous
broadleaf mixed  forests;  temperate  mixed  needleleaf  and  broadleaf  decidu-
ous forests; tropical needleleaf forests; and tropical rainforests (Figures 6B, E,
H, N-P & S6). The key indicators for these types were all related to tempera-
ture,  including the mean diurnal  range,  minimum temperature in the coldest
month,  annual  temperature  range,  and  mean  temperature  in  the  coldest
quarter (Figures 7C & S7). The role of topographic factors diminished, showing
a  significantly  greater  impact  only  on  the  CSC  development  of  the  tropical
monsoon rain forest, where elevation was the most critical indicator influenc-
ing CSC changes in this type (Figures 6M, 7C & S6-S7). The influence of soil
factors also weakened to some extent and played a dominant role in the CSC
development  of  the  subtropical  broadleaf  deciduous  forest,  subtropical
broadleaf evergreen forest, subtropical mixed broadleaf evergreen and decid-
uous  forest,  subtropical  monsoon  broadleaf  evergreen  forest,  temperate
broadleaf deciduous forest, and temperate needleleaf forest (Figures 6C-D, F-
G,  K-L  & S6).  The  most  influential  indicators  for  these  biomes  were  soil  silt
content,  temperature  seasonality,  coarse  fragment  content,  soil  thickness,
annual  precipitation,  and  soil  organic  carbon  content  (Figures  7C  & S7).  At
this  stage,  the  impacts  of  soil  and  topographic  factors  on  subtropical  and
tropical bamboo forest and scrub were similar and significantly greater than
those  of  temperature  and  precipitation  factors  (Figures  6J  & S6-S7).  In
summary, during the third stage of recovery,  the role of precipitation factors
increased notably compared with the previous two stages. At the same time,
temperature and soil remained the two most critical factors.

 DISCUSSION
Many  studies  have  explored  the  relationships  between  the  structure  and

ecological  functions  of  large-scale  forest  restoration.39-41 However, a  signifi-
cant portion of studies rely on generalized, static assumptions, often treating
the scaling relationship between structure and function as a fixed constant to
ensure tractability.42-44 To challenge this paradigm, we integrated time-series
data  to  propose  a  dynamic,  stage-dependent  framework  for  understanding
the  regeneration  process.  Our  key  finding  is  that  during  the  early  phase  of
natural  forest  restoration  (the  first  30  years  in  this  study),  the  positive
coupling  between  CSC  and  AGBD  is  not  static  but  strengthens  significantly
with  stand  age  (Figure  1).  Moreover,  distinct  structural  fingerprints  for  each
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forest biome form early and persist throughout recovery, driven by a series of
predictable environmental constraints that evolve over time (Figures 2-5).

Dynamic changes in the functional role of the canopy structure constitute a
core aspect of this study. The increasingly strengthened positive relationship
between CSC and AGBD signifies  a  fundamental  shift  in  biomass allocation
strategies—from horizontal  resource  competition  to  vertical  resource  opti-
mization. In young forests with sparse canopies, trees prioritize rapid vertical
growth and horizontal crown expansion to occupy space, a strategy driven by

fast  life-history traits  that  prioritize  colonization  speed  over  structural  effi-
ciency.45-48 As  competition  intensifies  and  the  canopy  closes,  it  creates
heterogeneous microenvironments  that  allow  species  with  differing  func-
tional  traits  (e.g.,  shade  tolerance  vs.  light  demand)  to  coexist  vertically,
thereby  maximizing  light  interception  and  total  carbon  storage  per  unit
volume.49,50 Crucially,  this  observed temporal  shift—from a lower  to  a  higher
scaling  coefficient—provides  strong  ecological  evidence  that  the  temporal
dynamics  of  the  CSC–AGBD  relationship  are  driven  by  evolving  biological
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mechanisms, even  though  the  absolute  magnitude  of  the  baseline  correla-
tion may be influenced by data provenance.

Differences in structural trajectories across forest biomes and their persis-
tence  (Figures  2-5)  are  driven  by  a  predictable,  phase-dependent environ-
mental control mechanism (Figure 6). In the initial stage of forest restoration,
forest  establishment  is  influenced  by  a  strong  dual  environmental  filter.
Macroclimate determines  the  potential  species  pool,  while  microsite  condi-
tions  dictate  colonization  success.  Consistent  with  Condit  et  al,51 tempera-
ture—particularly  the  annual  temperature  range—dominates  at  the  national
scale.52 A  lower  annual  temperature  range  indicates  a  milder,  more
predictable  environment,  which  significantly  reduces  extreme  temperature
stress  on  seedlings  and  young  trees,  thereby  improving  survival  rates  and
early  growth  efficiency.53 Concurrently,  local  soil  conditions  (e.g.,  thickness
and bulk density)  and topographic factors (which govern local  hydrothermal
gradients)  serve  as  the  second  filter.54-58 In  particular,  in  boreal,  temperate,
and  some  nutrient-limited  tropical  forests,  superior  soil  conditions  provide
seedlings with an initial advantage.54-56

As forests entered the second phase of recovery, the primary driver of CSC
shifted from macroclimate to soil  properties,  accompanied by a decrease in
the  overall  explanatory  power  of  environmental  factors  (Figure  6).  This  shift
results from  microclimatic  buffering  and  intensified  belowground  competi-
tion. Canopy closure shields the understory from macro-temperature fluctu-
ations,  reducing  the  direct  impact  of  climate.59 Conversely,  increasing  stand
density  intensifies  competition  for  limiting  belowground  resources.60 Soil
heterogeneity exerts an amplified effect during this stage: patches with supe-
rior edaphic conditions (e.g., higher organic carbon or favorable texture) facil-
itate  faster  growth  and canopy  dominance,  whereas  resource-poor  patches
inhibit  growth.61-65 This  soil-mediated  growth  differentiation  creates  vertical
stratification and horizontal heterogeneity,  driving the increase in CSC.66 The
decline in the overall influence of environmental factors may suggest that as
biomass  accumulates,  biological  interactions  within  the  biome  (such  as
competition  and  allelopathy)  become  increasingly  significant,  leading  to  a
degree of “decoupling” of system dynamics from direct control by the exter-
nal environment.

Upon  entering  the  final  stage  of  our  study,  the  pattern  of  driving  factors
was restructured again, with the combined influence of environmental factors
regaining  strength  (Figure  6).  Precipitation  became  the  primary  driver  on  a
national scale for the first time. In contrast, temperature regained dominance
in more forest types (Figures 6-7). Mature stands with high leaf area indices

sustain  massive  transpiration demands;  thus,  regional  water  supply  (annual
precipitation)  sets  the  upper  limit  for  biomass capacity  and productivity.67-71

Meanwhile, temperature regains importance as a regulator of metabolic rates
and phenology (e.g., growing season length and dormancy), rather than as a
mere  survival  filter.72-76 Ultimately,  the  interaction  of  water  availability  and
thermal energy maintains the dynamic equilibrium of these complex ecosys-
tems.77-79 In summary,  our  findings  not  only  deepen  the  theoretical  under-
standing of ecological restoration but also have significant practical implica-
tions. Forest restoration strategies must be dynamic and phased: prioritizing
climate  matching  and  microsite  selection  during  establishment;  managing
density  and  soil  resources  to  facilitate  structural  differentiation  in  mid-term
phases; and accounting for regional water carrying capacity and phenological
shifts under climate change for long-term sustainability.

We must acknowledge that the methods and data used in this study have
certain limitations,  which also point  to the way for  future research.  First,  we
adopted the space-for-time substitution method, which assumes that spatial
gradients  can  reliably  represent  temporal  changes.  Nevertheless,  this
assumption is  challenged  under  conditions  of  rapid,  nonstationary  environ-
mental  change.34 Second,  forests  that  began  to  recover  during  different
historical  periods faced varying climatic  conditions,  which may have altered
their  developmental  trajectories,  and  our  time  series  may  not  fully  capture
these  changes.80,81 Third,  although  remote  sensing  observations  provide
unprecedented spatial  coverage,  their  application at  this scale also presents
validation  challenges,  as  we  currently  lack  long-term  ground  monitoring
data.43,82 Fourth,  regarding the correlation between CSC and AGBD, we must
explicitly  acknowledge  the  potential  concern  of  methodological  dependence
(i.e.,  circularity  issue),  as  both  metrics  in  our  primary  analysis  derive  from
GEDI observations. To rigorously test this, we conducted a sensitivity analy-
sis  using  an  independent  national-scale  AGB  product,  which  is  produced
from ground-survey data combined with spectral features, topographic data,
climate  data,  and  soil  properties,  without  directly  using  GEDI  data.83 This
independent  validation  confirmed  that  the  positive  direction  of  the
CSC–AGBD coupling  and its  temporal  strengthening pattern  are  robust  and
reproducible  (Figure  S8).  However,  it  is  crucial  to  note  that  the  absolute
explanatory power (R 2) declined to 0.20 when using the independent dataset.
This  large  reduction  indicates  that  the  absolute  strength  of  the
structure–function  coupling  is  highly  sensitive  to  the  choice  of  biomass
products and should be interpreted with caution. We carefully reflect on this
substantial  decline  and  attribute  it  to  two  main  factors.  First,  the  extremely
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high  correlation  observed  in  our  original  analysis  was  partially  inflated  by
methodological  covariance,  as  both  CSC  and  GEDI-based  AGBD  inherently
share  overlapping  structural  information  (e.g.,  lidar-derived  canopy  height
metrics).  Second,  the  independent  AGBD  product  relies  on  different  model
architectures,  integrates  multi-source  data  (e.g.,  optical,  soil,  terrain,  and
climate variables),  and  employs  spatial  aggregation  and  smoothing  algo-
rithms.  These processes tend to  dampen the  fine-scale,  localized  structural
heterogeneity  that  CSC  captures,  thereby  naturally  reducing  the  covariance.
Therefore, while our study confidently highlights the robust temporal dynamics
of their interaction, the absolute magnitude of the coupling reported originally
partly  reflects  shared  data  provenance.  Fifth,  we  acknowledge  the  inherent
uncertainties associated with GEDI data in topographically complex regions.
As  a  large-footprint  lidar  system,  GEDI  waveforms  are  susceptible  to  pulse
broadening on steep slopes,  which can mix ground and canopy signals and
artificially inflate structural metrics.84 In our data processing, we applied rigor-
ous waveform-level quality controls (requiring sensitivity > 0.9, l2_quality_flag
= 1, and degrade_flag = 0) to exclude severely degraded signals and mitigate
these artifacts.  However,  because a  direct  topographic  slope mask was not
applied,  residual  terrain-induced biases  may  still  exist,  particularly  in  moun-
tainous  biomes  (e.g.,  Southwest  China).  Crucially,  while  this  may  inflate  the
absolute  magnitude  of  CSC  in  some  areas,  it  does  not  undermine  our  core
findings.  Topography  is  strictly  static  over  our  30-year  study  period;  thus,  a
static  topographic  bias  cannot  generate  the  dynamic,  age-dependent
strengthening of the structure–biomass coupling observed in this study. The
temporal trajectories reported here, therefore, reflect genuine biological stand
development. Nonetheless, future studies utilizing high-resolution small-foot-
print airborne lidar are needed to perfectly disentangle fine-scale topography
from complex canopy structures.

Future  research  should  consider  integrating  our  findings  with  long-term
forest  inventory  networks  and  process-based ecological  models  to  mecha-
nistically validate the observed structure‒function dynamics and the inferred
drivers.85 Finally,  our 30-year time series study indicated critical early stages
in  the  natural  forest  restoration  process,  but  understanding  the  dynamic
mechanisms  of  the  transition  to  an  old-growth  forest  status  still  requires
integration  with  long-term  monitoring  data.86 Nevertheless,  our  research
suggests  that  the  structural  fingerprint  of  a  recovering  forest  is  not  a  static
image but an evolving signature written by a dynamic interplay between age
and  the  environment.  Decoding  this  ecological  signature  is  fundamental  to
accurately predicting the fate of Earth’s forests, improving the efficacy of our
restoration efforts,  and  successfully  navigating  the  challenges  of  steward-
ship in the Anthropocene.

 CONCLUSION
In  conclusion,  our  comprehensive  analysis  of  natural  forest  recovery  in

China  moves  beyond  static  assessments  to  present  a  dynamic,  stage-
dependent  process.  We  found  that  the  structural  fingerprint  of  a  recovering
forest  is  not  a  fixed  attribute  but  an  evolving  signature  shaped  by  a
predictable  interplay  between  stand  age  and  shifting  environmental  drivers.
The recovery trajectory is initially limited by temperature filters, then becomes
constrained  by  soil-mediated  resource  competition  as  canopies  close,  and
ultimately  is  regulated  by  large-scale water  availability.  While  we  acknowl-
edge  the  inherent  uncertainties  associated  with  space-for-time  substitution
and  the  observational  nature  of  satellite-derived  metrics,  the  robustness  of
these  patterns  across  diverse  biomes  supports  a  compelling  mechanistic
framework.  This  dynamic  perspective  moves  beyond “one-size-fits-all”
restoration,  offering  a  scientific  basis  for  setting  biome-specific,  age-appro-
priate  targets  and  for  developing  adaptive  management  strategies  that  can
increase the success and resilience of global forest restoration efforts in the
Anthropocene.
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