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Abstract

Forest productivity and stability underpin ecosystem functioning and services, yet whether the
drivers and mechanisms regulating these properties differ between natural and planted forests at
large spatial scales remains unclear. Using data from 2,389 forest plots across China and a novel
analytical framework, we systematically compared productivity and stability between natural and
planted forests and identified their dominant drivers and underlying mechanisms across 38 hiatic,
structural, climatic, and edaphic variables. We found that natural forests were 14% more
productive and 34% more stable than planted forests, athough these differences varied across
ecoregions and stand devel opment stages. Productivity in natural forests was primarily driven by
functional diversity and functional traits, supporting the niche complementarity and mass-ratio
hypotheses, whereas nitrogen availability emerged as the dominant regulator of productivity in
planted forests. Likewise, stability shifted from diversity-related regulation in natural forests to

stronger abiotic control in planted forests, while functional diversity remained a key stabilizing
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mechanism in both forest types, supporting the insurance hypothesis. We aso found that planted
forests were more sensitive to hydroclimatic variability, indicating greater vulnerability to
drought. Our findings reveal a fundamental shift in the mechanisms regulating forest
productivity and stability from diversity-mediated control in natural forests to stronger abiotic
regulation in planted forests, highlighting the importance of integrating biodiversity conservation

and nitrogen management to sustain forest productivity and stability under future climate change.

Keywords. natural forests; planted forests; forest productivity; forest stability; machine learning;

causal model; driving mechanism

1. Introduction

Forest ecosystems congtitute the most important reservoir of terrestrial biodiversity and
represent one of the largest carbon pools on earth, storing more than 80% of aboveground
vegetation carbon and over 70% of global soil organic carbon (Six et a. 2002; Pan et al. 2011,
2024). Through carbon sequestration, climate regulation, nutrient cycling, and habitat provision,
forests play a central role in sustaining ecosystem functioning and human well-being (Bonan
2008). However, ongoing deforestation, forest degradation, and climate change are increasingly
threatening forest ecosystems worldwide, leading to substantial biodiversity loss and raising
concerns about their capacity to maintain ecosystem functioning under future environmental
change (Feng et al. 2016; Yu et al. 2019; Hills et al. 2023). In this context, identifying the
determinants of forest productivity and stability, which represent two fundamental dimensions of
ecosystem functioning, is essential for developing sustainable forest management strategies and

mitigating the impacts of climate change on forest ecosystems (Vangi et al. 2024a).
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Forest productivity reflects the rate at which vegetation assimilates carbon from the
atmosphere and partially converts it into organic matter (Friedlingstein et al. 2023), whereas
stability describes the ability of ecosystems to maintain functioning in the face of environmental
variability and disturbance (Ding et al. 2023). Both properties are regulated by a variety of biotic
and abiotic factors. Among biotic drivers, tree diversity has long been recognized as a key
determinant (Mori et al. 2017; Homeler & Leuschner 2021). Forests with higher tree species
diversity often exhibit greater productivity and temporal stability owing to niche
complementarity and species asynchrony, although the strength and direction of these
relationships can vary across spatial and temporal scales (Liang et al. 2016; Mori et a. 2017,
Bongers et al. 2021). Beyond species diversity, functional composition and functional diversity
influence forest functioning through trait-mediated resource acquisition strategies and mass-ratio
effects (Grime 1998; Yuan et al. 2018). Increasing evidence also highlights the importance of
structural diversity, which can enhance canopy stratification, resource partitioning, and stand-
level functioning across tropical, subtropical, and temperate forests (Dieler et a. 2017; Schnabel
et al. 2019; Ouyang et al. 2023). Stand attributes such as biomass, density, and age further shape
these two properties by altering resource availability and competitive interactions between
individuals (Vangi et al. 2024a, b). Abiotic factors including climate, soil properties, and
topography regulate forest functioning by constraining resource availability and growth
conditions (Bardgett & Van Der Putten 2014; Michaletz et al. 2014; Garcia-Palacios et al. 2018).
Moreover, global change drivers such as nitrogen deposition, elevated atmospheric CO,
concentrations, and increasing drought frequency are exerting increasingly strong influences on
forest productivity and stability worldwide (Bobbink et al. 2010; Anderegg et a. 2020; Du et al.

2020).
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Although the drivers of forest productivity and stability have been extensively investigated,
the role of forest origin has received comparatively little attention. Forest origin fundamentally
shapes community assembly, species composition, and stand structure, potentially altering the
ecological processes that regulate ecosystem functioning. Natural forests develop through
succession and natural regeneration, typically resulting in greater taxonomic and structural
complexity (Hua et al. 2022; Pel et al. 2026), whereas planted forests are established through
human intervention and are often characterized by simplified species composition and more
homogeneous stand structure (Barlow et al. 2007; Brockerhoff et al. 2008). These differences
may lead to contrasting ecosystem functioning and responses to environmental and climate
change. For example, natural forests often exhibit greater carbon storage capacity, higher water-
use efficiency, and stronger resistance to drought stress than planted forests (Yu et al. 2019;
Zhong et a. 2021; Sun et al. 2024). However, productivity and stability have rarely been
evaluated ssmultaneously across forest origins, and it remains unclear whether the drivers and
mechanisms regulating these two fundamental properties differ between natural and planted
forests at large spatial scale. China provides an ideal study system for addressing these questions.
Since the 1970s, large-scale ecological restoration and afforestation programs, including the
Three-North Shelterbelt Program, the Grain for Green Program, and nationwide land-greening
initiatives, have substantially expanded planted forests across the country. As a result, China now
hosts the largest area of planted forests in the world, accounting for approximately 27% of the
global total (80 million ha) (FAO and UNEP, 2020). In parale, natural forests remain
widespread owing to long-term conservation efforts, including the Natural Forest Conservation
Program, and currently account for approximately 64% of China's forest area, corresponding to

about 138.7 million ha (National Forestry and Grassland Administration, 2019).
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87 Based on the fundamental ecological differences between natural and planted forests, and
88 on previous theoretical and empirical evidence, we hypothesized that: (1) natural forests
89 generdly exhibit higher productivity and stability than planted forests across environmental
90 gradients, and (2) productivity and stability in natural forests are primarily regulated by biotic
91 factors such as tree diversity and stand structure, whereas abiotic factors, including nitrogen
92  deposition and soil nutrient availability, exert stronger influences in planted forests. To test these
93  hypotheses, we compiled a nationwide dataset comprising 2,389 forest plots spanning natural
94 and planted forests across China and characterized by 38 biotic and abiotic variables. We
95 developed anove analytical framework that combines the X GBoost machine learning algorithm,
96 Shapley Additive Explanations (SHAP) analysis, and structural causal model (SCM) to identify
97 key driving factors and to infer causal mechanisms regulating forest productivity and stability.
98 By explicitly comparing the determinants of productivity and stability between natural and
99 planted forests, our study reveals how forest origin mediates productivity and stability and
100 provide insights for forest restoration and sustainable forest management under future global

101  change.

102 2. Materialsand Methods

103  2.1. Forest inventory data

104 We compiled a nationwide forest inventory dataset comprising 2,389 sample plots (20 m x
105 30 m), al based on ground-based measurements conducted between 2013 and 2019. The dataset
106 integrates plots obtained from the National Earth System Science Data Center, the National
107 Science & Technology Infrastructure of China (http://www.geodata.cn) with those collected
108 through our own field surveys. The plots span all major forest climatic zones across mainland

109 China, excluding Hong Kong, Taiwan, and Macau (Figure 1). Natural forest plots subject to
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natural or anthropogenic disturbances were excluded, resulting in a final total of 1,273 natural
and 1,116 planted plots. Within each plot, all trees with adiameter at breast height (DBH) >5 cm
were surveyed for species identity, DBH, tree height, and age class. All measurements followed
standardized forest inventory protocols (Chinese National Standard, GB/T 30363-2013; Chinese
Forestry Standard, LY/T 3128-2019). These measurements were used to derive stand-level
structural attributes, including stand density, mean DBH, and mean tree height. Plot-level total
biomass was estimated as the sum of aboveground and belowground components using species-
specific allometric equations, following the national standard “ Tree biomass models and related

parameters to carbon accounting for major tree species (GB/T 43648-2024)" .
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119 FIGURE 1 (a) Spatial distribution of natural forest and planted forest plots across Chinaused in
120  this study. Blue circles represent natural forest plots, red circles indicate planted forest plots, and
121  green areas delineate forest land coverage across the country. (b) Whittaker biome diagram
122 illustrating the climatic space occupied by forest plots in the database, plotted as a function of
123  mean annua temperature (°C, x-axis) and mean annual precipitation (cm, y-axis). Each point
124  represents an individual forest plot, colored according to elevation (m as.l.), ranging from low-
125 devation sites (red, ~0O m) to high-dlevation sites (green, >4000 m). Background polygons

126  delineate the nine major Whittaker biomes.

127  2.2. Forest productivity and stability data

128 This study employs the kernel normalized difference vegetation index (kNDVI) as a proxy
129  for forest productivity (Forzieri et al. 2022; Xi et al. 2024; Pickering et al. 2025). KNDVI has
130  been shown to be strongly correlated with gross and net primary productivity and to outperform
131 traditional vegetation indices by reducing saturation effects and noise sensitivity across broad
132 environmental gradients and spatiotemporal scales (e.g., normalized difference vegetation index
133  (NDVI), enhanced vegetation index (EVI), and near-infrared reflectance of vegetation (NIRv))

134 (Camps-Vallset al. 2021; Qi et al. 2023). The kKNDVI was calculated as follows:

NIR-Red?
KNDVI=tanh (—) @D
20
135 Where NIR and Red represent the reflectance of the near-infrared and red bands,

136  respectively, and o is a length-scale parameter that determines the sengtivity of the index to
137  variations in vegetation density. o was specified as 0.5 1x[|(NIR[ 1+ /Red) (Camps-Valls et a.

138 2021).
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139 All available Landsat 5, 7, and 8 surface reflectance imagery covering mainland China from
140 2001 to 2020 was acquired via the Google Earth Engine (GEE) platform. Standard preprocessing
141  procedures were applied, including atmospheric correction and the removal of cloud, shadow,
142 snow, and rainfall contamination using quality assurance masks (Foga et al. 2017). To minimize
143 the adverse effects of clouds, aerosols, and shadows, monthly maximum-value composite
144  kNDVI images were first generated, and annual KNDVI was then calculated as the mean of the
145  monthly composites for each year (Holben 1986; Xu et al. 2024; Yu et al. 2025). A circular buffer
146  with aradius of 15 m was applied around the geographic center of each forest plot to match the
147  plot size (667 m?), and mean annual kNDV I values within the buffer were extracted for each year

148 from 2001 to 2020.

149 Forest stability was quantified as the temporal stability of KNDVI, calculated as the ratio of

150 the mean annual kKNDVI toitsinterannual variability over the study period (2001-2020):

151 Stability =n /o (2)

152 where u represents the mean annual KNDVI and ¢ denotes its standard deviation. Because
153  long-term directional trends in vegetation productivity can bias estimates of stability (Huang &
154  Xia 2019; Ren et a. 2023), we applied a detrending procedure before calculating stability.
155  Specifically, alinear regression was fitted between annual KNDV 1 and year for each plot, and the
156  standard deviation of the regression residuals was used to replace o in the stability calculation.
157  This approach isolates interannual variability from long-term trends, focusing on fluctuations

158  around the mean state rather than total variability.

159 2.3. Treediversity indices calculation
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160 In this study, forest biodiversity was characterized using three complementary dimensions:
161 tree species diversity, functional diversity, and structural diversity. Tree species diversity was
162 quantified as species richness, defined as the total number of tree species within each plot.
163  Functional diversity was calculated based on four key plant functional traits closdly linked to
164  forest productivity and stability: specific leaf area (SLA, mm?mg™), leaf area (LA, mm?), leaf
165  nitrogen content (LN, mg g%), and leaf dry matter content (LDMC, g ) (Garnier et al. 2004;
166  Wright et al. 2004). Trait data were obtained from the TRY plant trait database (Kattge et al.
167 2020) and the China plant trait database version 2 (Wang et al. 2022) according to tree species
168 recorded in each plot. When trait values were missing for certain species, they were imputed
169 using the R package funspace (Carmona et al. 2024), which estimates trait values based on
170 multivariate trait relationships. Functional diversity was quantified using functional dispersion
171  (FDis), which represents the mean distance of individual species to the centroid of all speciesin
172 amultidimensional trait space and is independent of species richness, making it suitable for both
173  speciesrich natural forests and species-poor plantation forests (Laliberté & Legendre 2010;
174  Yuan et al. 2020). In addition, community-weighted mean (CWM) values for each trait were
175 calculated with species weighted by their relative basal area within each plot. Structural diversity
176  was quantified using the Gini coefficient of individual tree basal area within each plot (Lexered

177 & Eid 2006; Duduman 2011; Padilla-Martinez et al. 2024).

178 2.4. Environmental data

179 To comprehensively assess the abiotic controls on forest productivity and stability in natural
180 and planted forests, we compiled a set of 24 abiotic variables representing climate, global change

181  drivers, drought conditions, topography, and soil properties (Table S1), in addition to the biotic
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182  factors described above. Climatic variables, including annual mean temperature (MAT) and
183 annual mean precipitation (MAP), were derived from the 1 km monthly temperature and
184  precipitation dataset for China (Peng et al. 2019) for the period 2001-2020, and aggregated to

185  annua means.

186 Drought conditions were represented by the Standardized Precipitation Evapotranspiration
187  Index (SPEI), obtained from the GPRChinaSPEI1km dataset (He et al. 2025). We used 3-month
188 time-scale SPEI values to capture short-term moisture stress relevant to vegetation growth and
189  calculated plot-level means for 2001-2020. Atmospheric nitrogen deposition data were derived
190 from agridded dataset at 0.25° x 0.25° spatial resolution (Zhou et al. 2023), and mean values for

191  2005-2020 were extracted for each plot.

192 Atmospheric CO | concentration data were obtained from a 1-km gridded dataset (He et al.
193  2023), and plot-level averages were calculated for 2015-2020. Topographic variables, including
194  eevation, sope, and aspect, were derived from the NASADEM product (NASA JPL, 2020) at 30

195  mresolution using the GEE platform.

196 Soil moisture was obtained from the GLASS SM product at 1 km spatial resolution (Zhang
197 et a. 2023), and mean values for 2001-2020 were calculated. Soil physicochemical properties
198 were extracted from the China dataset of soil properties for land surface modelling version 2
199 (CSDLV2) (Shi et al. 2025) at 1 km resolution, including sand, siit, clay, rock fragment content,
200 porosity, bulk density, pH, soil organic carbon, cation exchange capacity, total nitrogen, total
201  phosphorus, total potassium, alkali-hydrolysable nitrogen, available phosphorus, and available

202  potassum. All soil variables represent average conditions for the 0-200 cm soil profile.
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203  2.5. Statistical analyses

204 The Analysis of variance (ANOVA) was first used to quantify differences in forest
205  productivity and stability between natural and planted forests across ecological zones and forest

206  agegroups.

207 To identify the key drivers of forest productivity and stability in natural and planted forests,
208  we employed the Extreme Gradient Boosting (XGBoost) machine learning algorithm, combined
209  with SHAP analysis for model interpretation. XGBoost is a scalable tree-based ensemble method
210 that effectively captures complex nonlinear relationships and interactions among predictors while
211  minimizing overfitting and noise sensitivity (Chen & Guestrin, 2016). SHAP, grounded in
212 cooperative game theory (Lundberg & Lee, 2017), provides a unified framework for interpreting
213 black-box models by quantifying the marginal contribution of each predictor to model
214  predictions and revealing their functional relationships with response variables. Before model
215  construction, multicollinearity among the 38 biotic and abiotic predictors was assessed using the
216  variance inflation factor (VIF). Variables with VIF > 5 were excluded to reduce collinearity
217  effects. XGBoost models were then trained on the filtered predictor set, and SHAP analysis was
218  applied to quantify variable contribution using mean absolute SHAP values. Hyperparameters
219  were tuned via GridSearchCV method and the optimal parameters were provided in Table S2.
220 Margina effect plots were generated to examine the direction and strength of relationships
221  between individual predictors and forest productivity or stability. Positive SHAP values indicate
222  positive contributions to model predictions, whereas negative values indicate negative
223 contributions. All these analyses were conducted using the scikit-learn and shap libraries in

224  Python (version 3.11.6).
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225 Because XGBoost and SHAP analyses are inherently predictive and do not establish causal
226  relationships, we further implemented a causal inference framework based on SCM (Pearl 2009),
227  to disentangle the mechanisms underlying forest productivity and stability in natural and planted
228 forests. Causal structures were specified using directed acyclic graphs (DAGs), which explicitly
229  represent hypothesized causal relationships in a given system. The validity of each DAG was
230 evaluated using a model—data consistency test, with a pass threshold of 0.3 as in previous studies
231 (Chen et al. 2024; McLean et a. 2025). The DAGs imply a set of independencies and conditional
232 independencies among variables, which should be supported by the data if the DAG adequately
233 represents the underlying data-generating process. These implied independencies were identified
234  and satigtically tested using the dagitty package in R, based on tests of zero (partial) correlation
235  (Ankan et al. 2021). A DAG was considered consistent with the data when none of the implied
236  independencies were statistically refuted. Otherwise, the DAG was iteratively revised to account
237  for missing or incorrect causal pathways (Arif & MacNell 2023). The final DAGs that passed the
238 consistency test are presented in Figure S1. Based on the validated DAGs, minimal adjustment
239  sets were identified using the backdoor criterion. The backdoor criterion identifies sets of
240 variables that block all noncausal paths between exposure and outcome while preserving causal
241  pathways (Arif & MacNeil 2023). When multiple valid adjustment sets were available, selection

242  was guided by data availability and measurement quality.

243 Finally, generalized additive mixed models (GAMMSs) were fitted to estimate the causal
244  effects of the most influential predictors identified by the XGBoost—-SHAP analysis. The
245  structure of each regression model was determined based on the minimal adjustment sets. Prior
246  to GAMMs fitting, spatial autocorrelation in model residuals was assessed using Moran’'s | test.

247  Significant spatial autocorrelation effect was detected, and empirical semivariograms were used
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248  to determine the distance at which spatial autocorrelation diminished. The resulting thresholds
249  were approximately 2 km for productivity models and 1.2 km for stability models in both natural
250 and planted forests. Accordingly, plot-level group identifiers (grouplD) were constructed from
251 these distances and incorporated as random effects in the GAMMs to account for spatial
252  autocorrelation (Aguirrel]Gutiérrez et al. 2022; Ding et al. 2024). In addition, ecoregions were
253 included as random effects to control for the potential non-independence among plots within the
254  same ecoregion. All analyses were conducted in R using the dagitty (Ankan et al. 2021), mgcv
255  (Wood 2011), sf (Pebesma 2018), dplyr (Wickham et al. 2026), ape (Paradis & Schliep 2019),

256  and gstat (Gréler et al. 2016) packages.

257

258 3. Results
259 3.1 Forest productivity and stability in natural forest and planted forest across China

260 The ANOVA analysis showed significant differences in productivity and stability between
261  forest types at the national scale (p < 0.001), with natural forests exhibiting higher productivity
262  (0.56 = 0.08 vs. 0.49 £ 0.14) and stability (14.48 + 9.03 vs. 10.84 + 7.60) than planted forests
263  (Figure 2a,b). A positive nonlinear relationship between forest productivity and stability was
264  observed in both natural and planted forests (Figure 2c). The stability increased gradually at low
265  productivity levels and more rapidly at higher productivity levels. Interestingly, in natural forests,
266 the sability tended to be dightly higher than that in planted forests at both low and high
267  productivity levels, whereas the two forest types showed similar patterns at intermediate

268  productivity levels, with substantial overlap between them.
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The magnitude and direction of these differences varied among ecoregions (Figure S3).
Natural forests generally exhibited higher productivity in plateau, temperate, and subtropical
coniferous-dominated ecoregions, whereas productivity differences were negligible elsewhere.
Patterns of stability showed stronger regional heterogeneity. Natural forests were more stable
than planted forests across most subtropical and broadleaf-dominated ecoregions, while planted

forests exceeded natural forests only in the Middle Temperate Coniferous Forest.

Forest age further influenced the differences in forest productivity and stability between
natural and planted forests (Figure $4). Natural forest productivity was significantly higher than
that of planted forests in young, middle-aged, near-mature, and mature stands, but the difference
became non-significant in overmature stands. Similarly, stability was significantly higher in
natural forests than in planted forests at the young, middle-aged, and near-mature stages, whereas

no significant differences were observed at the mature and overmature stages.
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281 FIGURE 2 Differences in productivity and stability between natural and planted forests across
282  China. Vialin plots show the distributions of (a) productivity and (b) stability in natural forests
283  (blue) and planted forests (red). Embedded boxplots indicate the median, interquartile range, and
284  data range. Symbols denote significant differences between forest types (****, p < 0.001). (c)
285  Relationships between productivity and ecosystem stability in natural forests (blue) and planted
286  forests (red). Points represent individual forest plots, solid lines represent GAM fits, and shaded

287  areasindicate 95% confidence intervals.

288 3.2 Driversof forest productivity and stability in natural forest and planted forest
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289 To identify the dominant drivers of forest productivity and stability between natural and
290 planted forests, we evaluated the relative importance of 38 predictors representing tree diversity,
291  stand structure, functional traits, climate, soil and topography. In natura forests (Figure 3a),
292  productivity was associated with tree diversity (30.1%), soil properties (20.9%), and functional
293  traits (20.7%). At the individual-predictor level, functional diversity (FD) and the community-
294  weighted mean specific leaf area (CWM SLA) emerged as the dominant drivers, followed by soil
295  sand content, species richness (SR), and nitrogen deposition. In contrast, productivity in planted
296 forests (Figure 3c) was more strongly associated with abiotic factors, with soil properties
297  accounting for 41.3% and climatic factors for 25.1%. Among single predictors, soil akali-
298 hydrolyzable nitrogen (AN) and nitrogen deposition exerted the strongest influence, with
299  additional contributions from DBH, slope, and soil sand content. SHAP dependence analyses
300 reveded nonlinear responses across both forest types. In natural forests, FD, CWM SLA, soil
301 sand content, SR, and nitrogen deposition exhibited a positive relationship with productivity
302 (Figure 4a). In planted forests, productivity was positively associated with soil AN, nitrogen
303  deposition, DBH, and soil sand content (Figure 4b). Slope exhibited a unimodal relationship with

304  productivity in both forest types.

305 The relative importance of predictor categories for stability largely mirrored those observed
306 for productivity in natural forests, with tree diversity (27.8%), soil properties (22.3%), and
307 functional traits (21.7%) accounting for a large proportion of the total contribution. The most
308 influential individual predictors were FD, CWM SLA, SR, soil sand content, and stand density
309 (Figure 3b). In planted forests, stability was dominated by climate (21.5%), soil properties
310 (21.2%), and tree diversity (18.1%), with FD, nitrogen deposition, CWM SLA, and the SPEI

311  showing higher contributions (Figure 3d). SHAP dependence results reflected that increased FD,
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CWM SLA, SR, soil sand content and density were associated with higher stability in natural
forests (Figure 4c). In planted forests (Figure 4d), FD, slope, CWM SLA, and SPEI showed a
positive correlation with stability increased. Nitrogen deposition exhibited a unimodal
relationship with stability, with stability increasing at low deposition levels but declining under

high deposition rates.
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317 FIGURE 3 Relative importance of environmental, biological, and structural variables in driving
318 forest productivity and stability across natural and planted forests in China, quantified using
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mean absolute SHAP values. Results are presented for (a) natural forest productivity, (b) natural
forest stability, (c) planted forest productivity and (d) planted forest stability. Horizontal bar
charts display the mean |SHAP| value for each predictor variable, reflecting its overall
contribution to model predictions, while embedded donut charts illustrate the proportional
contribution of six mgjor variable categories: diversity (green), functional trait (purple), forest
structure (blue), climate (red), soil (brown), and topography (gray). Variable abbreviations are as
follows: Sand_mean, soil sand content; Gravel _mean, soil gravel content; AN_mean, soil alkali-

hydrolysable nitrogen; TP_mean, soil total phosphorus, SM, Soil moisture.
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327 FIGURE 4 SHAP dependence plots illustrating the nonlinear relationships between the top five
328 most important predictor variables and model output for (a) natural forest productivity, (b)
329 planted forest productivity, (c) natural forest stability and (d) planted forest stability. Blue and
330 orange points represent natural forests and planted forests, respectively, with the fitted smooth
331 curve (black line) representing the marginal effect of each predictor on the SHAP value. Positive
332 SHAP values indicate a positive contribution to the predicted outcome, while negative SHAP
333  values indicate a suppressing effect. The coefficient of determination (R?) is reported for each

334  relationship, indicating the goodness of fit of the smoothed trend.

335 3.3 Causal effects of key driving factorson forest productivity and stability in natural

336 forest and planted forest

337 To further disentangle the causal effects of dominant drivers, SCM was applied to quantify
338 theinfluence of key predictors on forest productivity and stability (Figure 5). In natural forests,
339 forest productivity increases with risng FD, CWM SLA, SR and nitrogen deposition (Figure 5a).
340 However, the positive effects of SR and nitrogen deposition weakened at higher levels,
341 indicating saturating relationships. Similarly, productivity exhibited a unimodal response to slope,

342  peaking at intermediate slope values and declining under steeper conditions.

343 In planted forests, increasing soil AN and nitrogen deposition exerted strong positive effects
344  on productivity, but these effects plateaued beyond critical thresholds, revealing diminishing
345 returns under nutrient-enriched conditions (Figure 5b). DBH further modulated productivity

346  responses, with productivity increasing at low DBH but gradually declining at higher DBH levels.


https://doi.org/10.64898/2026.09.10.750640
http://creativecommons.org/licenses/by-nc-nd/4.0/

347

348

349

350

351

352

353

354

355

bioRxiv preprint doi: https://doi.org/10.64898/2026.09.10.750640; this version posted September 13, 2026. The copyright holder for this
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It
is made available under a CC-BY-NC-ND 4.0 International license.

In addition, slope and soil sand content exerted unimodal effects on productivity, suggesting

optimal productivity under intermediate environmental conditions.

Stability increased with FD, CWM SLA, SR, and stand density in natural forests, with the
stabilizing effect of SR plateauing in highly diverse forests (Figure 5c¢). Soil sand content
constrained stability through a strong unimodal pathway, with stability peaking at intermediate
levels before declining. In planted forests, FD maintained a positive linear effect on stability,
whereas CWM SLA showed a nonlinear positive relationship (Figure 5d). In contrast, nitrogen
deposition, slope, and SPEI all showed hump-shaped relationships, indicating that stability

maximized at intermediate levels of these drivers and declining beyond their respective optima.
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356 FIGURE 5 GAMM marginal effect plotsillustrating the estimated causal effects of the five most
357 influential predictor variables on (a) natural forest productivity, (b) planted forest productivity, ()
358 natura forest stability, and (d) planted forest stability. Blue and orange points represent natural
359 forest and planted forest plots, respectively. Shaded ribbons indicate 95% confidence intervals
360 around the fitted smooth functions. The coefficient of determination (R?) and associated p-values

361 areprovided for each fitted relationship to evaluate explanatory power and statistical significance.

362 4. Discusson

363 We compiled a nationwide forest dataset based on 2,389 plots to compare productivity and
364  stability between natural and planted forests across China and to identify the key drivers and
365 underlying mechanisms from 38 biotic, structural, climatic, and edaphic variables. We
366 hypothesized that natural forests maintain higher productivity and stability (hypothesis 1) and are
367 primarily regulated by biotic attributes, especially tree diversity and stand structure, whereas
368  abiotic factors have stronger effects in planted forests (hypothesis 2). To test these hypotheses,
369 we developed a novel analytical framework combining machine learning (XGBoost), model
370 interpretation (SHAP), and causal inference (SCM). The XGBoost—SHAP approach provides a
371  powerful tool for detecting key predictors and characterizing complex nonlinear relationships
372  between biotic and abiotic factors and forest productivity and stability. On the other hand, the
373 SCM enables explicit causal inference by accounting for confounding structures and spatial
374  dependence. Their combination alows for a more robust and mechanistic understanding of the

375  driversof productivity and stability in natural and planted forests.
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376 4.1. Higher forest productivity and stability in natural foreststhan in planted forests across

377 China

378 Our results demonstrate that natural forests exhibit significantly higher productivity and
379  stahbility than planted forests across China, supporting our first hypothesis. Although previous
380 studies have shown that natural forests are generally more productive than planted forests, our
381 study extends these findings by simultaneously evaluating productivity and stability at the
382 nationa scale. More importantly, our results further suggest that these advantages are closely
383  associated with the substantial differences in forest structure and tree diversity between natural
384  and planted forests. Compared with planted forests, natural forests in our dataset exhibited larger
385 tree size, higher biomass, species richness, functional diversity, and structural diversity (Figure
386 S2). Larger trees contribute disproportionately to stand-level productivity through their extensive
387  crowns, degper rooting systems, and greater access to resources (Brown et a. 2004; Collalti et al.
388 2020; Bordin et a. 2021). Large trees also buffer ecosystem responses to environmental
389 fluctuations and disturbances, thereby enhancing stability (Stephenson et al. 2014; Lutz et al.
390 2018). Meanwhile, the greater tree diversity and structural complexity observed in natural forests
391 generate complementary resource-use strategies and niche partitioning (Williams et a. 2017,
392 Deng et a. 2025). Verticaly stratified canopies enhance light capture, while complementary
393  rooting strategies improve access to soil water and nutrients (Sun et al. 2017; Deng et al. 2025).
394  Such complementary resource use increases both productivity and temporal stability, consistent
395  with biodiversity—ecosystem functioning theory (Tilman 1999). In contrast, planted forests are
396  often characterized by simplified structure, lower tree diversity, and more synchronized growth
397 dynamics, making them more vulnerable to climatic extremes and biotic disturbances such as

398  drought, pest outbreaks, and diseases (Gadgil & Bain 1999; Zhong et al. 2021; Maet al. 2025).
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399 Nevertheless, the magnitude of these differences varied across ecoregions and stand
400 development stages. Natural forests exhibited stronger advantages in temperate and plateau
401 regions, where have benefited from long-term implementation of the National Natural Forest
402  Conservation Program and restoration efforts in ecologically fragile areas (Zhang et al. 2000).
403  Notably, planted forests in the mid-temperate coniferous region displayed higher stability than
404  natura forests. Two non-exclusive mechanisms may explain this pattern. First, plantationsin this
405 region are commonly dominated by drought- and cold-tolerant conifer species (e.g., Larix
406  gmelinii and Pinus sylvestris var. mongolica) that were selectively established to cope with harsh
407  climatic conditions and thus exhibit relatively stable growth under climate variability (Guo et al.
408 2022; Li et a. 2023). Second, natural forests in this region frequently occur in ecological
409 trangtion zones and are more exposed to climate warming and intensified drought stress, which
410 can destabilize growth dynamics (Li et a. 2025a). We also found that differences between forest
411  types gradually diminished with stand age. As forests mature, productivity generally declines
412  because of increasing hydraulic constraints, nutrient limitation, and maintenance costs (Ryan et
413  a. 2006; Couvreur et al. 2018; West 2024; Shan et al. 2025). Old-growth natural forests may
414  become increasingly sensitive to climatic extremes such as prolonged drought or heat stress
415 (Bennett et al. 2015), leading to reduced stability. Meanwhile, planted forests tend to develop
416  more complex structure and richer understory communities (Bauhus et al. 2009; Grieco et al.
417  2024), partialy compensating for their initially simplified conditions. These converging

418 trgectorieslikely explain the reduced differences observed in older stands.

419 4.2 Contrasting driving mechanisms of forest productivity and stability between natural

420 forestsand planted forests
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421 Consistent with our second hypothesis, our results reveal a shift from biotic regulation in
422 natural forests to abiotic regulation in planted forests. In natural forests, productivity was
423 primarily regulated by FD, SR, and CWM SLA. These findings reinforce previous evidence that
424  diversity constitutes a stronger driver of productivity than climatic or topographic factors
425  (Hooper et a. 2012; Duffy et al. 2017) and highlight the central role of diversity—productivity
426  relationshipsin natural forest ecosystems. The positive relationship between FD and productivity
427  provides strong support for the niche complementarity hypothesis, indicating that communities
428 composed of species with contrasting resource-use strategies can exploit resources more
429 efficiently through spatial, temporal, and functional niche partitioning (Williams et al. 2017;
430 Deng et al. 2025). SR aso positively influenced productivity, although its effect saturated at
431  higher diversity levels, suggesting increasing functional redundancy once most functional niches
432  become occupied (Loreau et al. 2001; Loreau 2004). Simultaneously, the positive effect of CWM
433  SLA supports the mass-ratio hypothesis (Grime 1998), indicating that dominant species traits
434  play acritical role in determining ecosystem functioning and communities dominated by species
435  with acquisitive resource-use strategies are capable of higher carbon assimilation rates and
436  greater productivity (Wright et al. 2004). In contrast, biomass did not emerge as a dominant
437  explanatory variable per se, suggesting that the vegetation quantity hypothesis plays a less
438  prominent (but not null) role compared to the niche complementarity and mass ratio hypotheses.
439  Together, our study provides new empirical evidence for the relative contributions of these
440 mechanisms and suggests that productivity in natural forests is jointly regulated by niche
441  complementarity and mass-ratio effects. In contrast to natural forests, productivity in planted
442  forests was regulated primarily by abiotic factors, including climate, soil conditions, and nitrogen

443  deposition. This shift likely arises from the inherently low species and functional diversity of
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444  plantations, which constrains niche differentiation and diminishes biotic feedbacks between
445  vegetation and soil (Liao et al. 2012). Simplified stand structures and homogenized litter inputs
446  may further reduce the complexity of soil microbial networks (Qu et a. 2024), thereby
447  weakening internal ecosystem regulation and increasing dependence on external resource
448 availability. Among all predictors, soil AN and nitrogen deposition emerged as the strongest
449 determinants of planted forest productivity. Nitrogen is widely recognized as a key limiting
450 nutrient in terrestrial ecosystems (LeBauer & Treseder 2008; Li et al. 2025b), and our analyses
451 revealed clear nonlinear responses consistent with nitrogen saturation theory. Productivity
452  increased with nitrogen availability under low to moderate inputs but reached a plateau or
453  declined when nitrogen supply became excessive. Moderate nitrogen inputs likely stimulate plant
454  growth and microbia nutrient cycling (O’ Sullivan et al. 2019; Luo et a. 2022), whereas
455  excessive nitrogen deposition can induce soil acidification, disrupt microbial communities, and
456  reduce biological diversity, ultimately constraining productivity (Bobbink et al. 2010; Tian &
457  Niu 2015; Zhou et al. 2020). Similar nonlinear responses were observed for topographic and
458  edaphic variables, including slope and soil sand content, highlighting the existence of

459  environmental optima beyond which productivity declines.

460 Patterns of stability partly mirrored those observed for productivity but revealed important
461 mechanigtic differences. Whereas productivity in planted forests became increasingly dependent
462  on abiotic conditions, stability remained strongly associated with tree diversity across both forest
463  types. Functional diversity emerged as the most influential predictor of stability in both natural
464  and planted forests, while species richness and functional traits also contributed substantially,
465  particularly in natural forests. The positive effects of functional diversity and species richness are

466  consisgtent with niche complementarity and insurance effects (Yachi & Loreau 1999). Forest
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467  communities with higher tree diversity are more likely to contain species that differ in resource-
468  usestrategies, phenology, and stress tolerance (Loreau & De Mazancourt 2013). Such differences
469  generate asynchronous responses to environmental variability, allowing declines in some species
470  to be compensated by increases in others and thereby stabilizing ecosystem functioning through
471  time(Loreau & De Mazancourt 2013). Interestingly, communities characterized by higher CWM
472  SLA exhibited greater stability in both natural and planted forests. Although previous studies
473  often emphasize the stabilizing role of conservative resource-use strategies (Craven et a. 2018;
474 Valeio et a. 2022; Luo et al. 2023), our results suggest that acquisitive species may enhance
475  stability through rapid recovery following disturbance (Bazzichetto et a. 2024; Cui et al. 2026).
476  Species with high SLA generally possess greater photosynthetic capacity and faster growth rates,
477  thereby enhancing stability at both the species and community levels (Huang et a. 2022).
478  Despite the importance of tree diversity, abiotic factors exerted stronger influences on stability in
479  planted forests. Nitrogen deposition displayed a hump-shaped relationship with stability in
480 planted forests, likely mediated through biodiversity pathways. Previous research has
481 demonstrated a unimodal relationship between nitrogen deposition and plant diversity, whereby
482  moderate nitrogen inputs enhance diversity but excessive deposition leads to biodiversity loss
483  (Simkin et al. 2016), ultimately reducing stability. Moreover, the stronger response of planted
484  forests to SPEI indicates that planted forests are more vulnerable to hydroclimatic variability
485  than natural forests, consstent with previous evidence that plantation ecosystems often exhibit

486  greater drought sensitivity (Zhong et al. 2021; Maet al. 2025).

487 4.3 Implicationsfor future afforestation and forest management

488 Our findings have important implications for future afforestation and forest management.

489  Over recent decades, large-scale afforestation programmes have substantially expanded forest
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490 area across China, but many newly established forests remain dominated by monoculture
491  plantations. Our results indicate that improving forest productivity and stability requires moving
492  beyond a sole focus on forest area expansion and placing greater emphasis on the quality and
493  diversity of forest communities. In particular, functional diversity emerged as a stronger and
494  more consistent predictor of both productivity and stability than species richness alone. Future
495  afforestation and forest management efforts should therefore prioritize the assembly of species
496  with complementary functional traits rather than simply increasing the number of species present.
497  Our findings also suggest the need to incorporate resource-acquisition or fast-growing species,
498 such as those with higher SLA, to enhance both productivity and post-disturbance recovery
499  capacity. In addition to tree diversity, our results highlight the importance of nitrogen
500 management and climate adaptation strategies. While moderate nitrogen availability can enhance
501 forest productivity, excessive nitrogen deposition may undermine both productivity and stability.
502 Forest management should therefore balance nutrient inputs while minimizing the ecological
503 risks associated with nitrogen enrichment. At the same time, the greater drought sensitivity of
504 planted forests suggests an urgent need to improve plantation resilience under future climate
505 change. Increasing functional diversity, selecting drought-tolerant species, and promoting
506  structurally complex forest communities may represent effective strategies for enhancing

507  ecosystem resistance and recovery.
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