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Abstract

:

Forest productivity (increment of above-ground biomass) is determined by biodiversity but also by stand structure attributes. However, the relative strengths of these drivers in determining productivity remain controversial in subtropical forests. In this study, we analyzed a tree growth data from 500 plots with in a 20 ha mature subtropical forest in eastern China. We used spatial simultaneous autoregressive error models to examine the effects of diversity variables (species richness, evenness, and composition), stand structural attributes (stand density, tree size range and diversity), environmental factors (topography and soil), and initial above-ground biomass (AGB) on productivity. We also applied structural equation models to quantify the relative importance of diversity, stand structure, environmental factors, and initial AGB in determining forest productivity. Our results showed that stand structure together with diversity and initial AGB governed forest productivity. Tree size diversity (DBH Shannon’s diversity index) had the largest positive effect on forest productivity. These results provide new evidence that structural explanatory variables have greater contributions to productivity for mature subtropical forests, strongly supporting the niche complementarity hypothesis. Our work highlights the importance of tree size diversity in promoting high forest productivity, and suggests that regulating and conserving complexity of forest stand structure should be among the most important goals in subtropical forest management.
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1. Introduction


The relationship between biodiversity and productivity is a central topic in both theoretical and applied ecology [1]. Classic examples of this research area were originally carried out in grassland ecosystems and commonly assumed that species diversity promoted ecosystem productivity [2,3]. However, increasing evidence suggests that the positive effect of species diversity can be influenced or neutralized by structural diversity, particularly in forest ecosystem which has complex vertical and horizontal structures [4,5,6]. It remains far from clear what the major drivers of forest ecosystem productivity are.



Two fundamental mechanisms wildly used to explain the positive effects of species diversity on forest productivity are the niche complementarity and the selection effect hypothesis [3,7,8,9]. The niche complementarity hypothesis postulates that species having different niches are able to utilize different resources or facilitate each other, and hence increase the productivity of a community [3,10,11]. The selection effect hypothesis states that increased productivity is due to the chance occurrence of a very productive species in the community [12]. On one hand, increasing diversity may lead to niche overlap (species that make use of the same resources), thus intensifying inter-species competition [13]; on the other hand, ontogenetic niche differences (resource requirements vary with individual size) of intraspecies are ignored [6]. This may explain why the relationship between species diversity and productivity/above-ground biomass sometimes does not support the niche complementarity hypothesis in high diversity natural forest ecosystems, where negative [4,14], or non-significant relationships are found [15,16].



Structural diversity is a key attribute of forests and it has long been recognized that complex and structurally diverse forests are critically important for providing higher productivity than simple structure stands [17]. However, the hypothesized relationships between stand structural attributes and productivity have only recently been recognized in natural forests, agroforests, and experimental plantation [5]. Structural attributes reflect the variation of individual size composition in the study area, which can be caused by both the inherent interspecific differences and the asymmetrical competition of intra- and interspecific individuals [18,19,20]. At the community level, complex stand structure results in trees of different diameters or heights occupying different niches [21], which increases the efficiency of resources utilization (such as light, water, and soil nutrients). This, in turn, improves community productivity, similar to the niche complementarity effect caused by species and functional diversity [6,22]. Many studies have concluded that structural diversity plays a more important role in determining productivity than species diversity [6,23,24].



Many confounding effects should be considered in analyzing the relative contribution of species diversity (including phylogenetic and functional) versus structural diversity on forest productivity [5]. For instance, vegetation quantity (e.g., initial biomass) is a major driver of community functional properties (e.g., productivity) [25]. A positive relationship between forest productivity and initial biomass has been found for mature forest ecosystems [13], and initial biomass was the only factor contributing significantly to productivity in a secondary tropical forest study in Mexico [25]. Moreover, mixed relationships between environmental factors, species diversity, and stand structural indices have been reported in different forest ecosystems. It was reported that forests with low soil fertility showed stronger species diversity effects than forests with high soil fertility [26,27].



Here, our objective was to disentangle the contributions of species and structural diversity on the productivity of a mature subtropical evergreen broadleaved forest (EBLF) ecosystem in eastern China. Note that while the term productivity may be used to refer different quantities in the literature, in this study we refer it specifically to the increment in above-ground biomass of surviving trees. We selected different species and structural attributes other than single indices to avoid underrepresentation, while simultaneously controlling for confounding factors such as initial above-ground biomass (AGB) and environmental factors (including soil nutrients, topography, etc.). We collected data in a large EBLF dynamic plot and applied structural equation models (SEMs) to test two hypotheses: (1) that structural variables are more predictive of forest productivity than species diversity and composition, and (2) that tree size diversity is the strongest structural explanatory variable, which promotes forest productivity.




2. Materials and Methods


2.1. Study Area


This study was conducted in the Tiantong National Forest Park (29°48′ N, 121°47′ E), Zhejiang Province, in eastern China (Figure 1A). This region supports EBLF, in which forests are dominated by species in the Fagaceae and Theaceae families. The annual mean temperature is nearly 16.2 °C, the warmest and coldest months are July and January with a mean temperature 28.1 °C and 4.2 °C, respectively. The average annual precipitation is 1374.7 mm, which mainly occurs from May to August [28]. The parent soil materials are Mesozoic sediments and acidic intrusive rocks, including quartzite and granite. The soil texture is mainly sandy to silty clay loam, and soil pH ranges from 4.4 to 5.1 [29].




2.2. Data Collection


All forest stand and environmental data came from a 20 ha (500 m × 400 m) permanent forest plot that was established within Tiantong National Forest Park in 2010 (Figure 1B). Following the field protocol of the Forest Global Earth Observatory (Forest GEO) [30], the plot was divided into 500 quadrats (20 m × 20 m). Altimetric points of the corners of 20 m × 20 m grids were measured using an Electronic Total Station (Sokkia SET-4120). Soil samples were collected following John et al. [31] and then measured in the laboratory following [32]. Totally, 1292 soil samples covering the whole 20-ha plot at high resolution were collected by both regular and random sampling schemes (Figure S1). All free-standing trees and shrubs with diameters at breast height (DBH) ≥ 1 cm were tagged, mapped, measured, and identified to species, but only individuals with a DBH ≥ 5 cm were used in this study. The first census and re-census of the plot were carried out in 2010 and 2015, and recorded 28,167 and 29,103 individuals (DBH ≥ 5 cm), respectively.




2.3. Above-Ground Biomass and Productivity Calculation


The AGB of each individual was estimated from DBH using species-specific available allometric equations in local and regional forests (covering ~84.3% and ~84.6% of the whole plot AGB in 2010 and 2015, respectively), and a local generic allometric equation for the remaining species (Table S1). The total AGB for each quadrat at each time point was calculated by summing AGB of alive trees in the quadrat. AGB productivity (ΔAGB) of each quadrat was then determined as AGB increments from 2010 to 2015. The AGB in 2010 also served as an independent factor, initial AGB (AGBi), to explain the effect on productivity.




2.4. Species and Structural Variables


Species diversity was quantified in terms of richness, evenness, and composition. Species richness and evenness were calculated using the “vegan” package in R [33], and were defined as the number of observed species and Pielou’s evenness within each quadrat, respectively. Species composition was obtained by non-metric multidimensional scaling analysis (NMDS) [34]. The first axis of NMDS (NMDS1) was used to maximize the logarithmic transformation correlation with productivity. NMDS was done using “metaMDS” and “MDSRotate” functions [33] (Figure S3).



Structural variables used in this study included stand density, number of DBH classes (DBHcs), and DBH Shannon’s diversity index (DBHsi) of each quadrat. Stand density was the number of individual trees in a quadrat, representing the intensity of plant-plant interactions [4]. DBHcs quantified structural complexity, which was the number of the DBH classes in a given quadrat, and has a good correlation with tree height and canopy size [35]. In this study, DBH was divided into 17 grades: [5, 10), [10, 15), [15, 20) …… [85, ∞). Lastly, DBHsi was tree size diversity, calculated as the Shannon-Wiener biodiversity index (Equation (1)), which is commonly used in structural diversity-productivity studies [4]. The calculations of DBHsi were performed using the R package ‘vegan’.


   H d  = −   ∑   i = 1  d   P i  × ln  (   P i   )   



(1)




where Pi is the proportion of the basal area of ith DBH class while d is the number of DBH classes within each quadrat.




2.5. Environmental Variables


In this study, the environmental factors of the 20 ha plot were defined in terms of three topographic and four soil properties. Topographic variables included elevation, slope, and aspect. Elevation was the average value of the four corner elevations of a 20 m × 20 m quadrat [36], ranging from 304.2 m to 602.8 m. Slope was defined as the average slope of the entire quadrat [36,37], ranging from 13.8° to 50.3°. Aspect referred to the direction in which slope faced [32]. Soil variables included soil total nitrogen (TN), total phosphorus (TP), pH, and soil depth, which were quantified by 1292 soil samples covering the entire 20 ha plot. Soil depth was measured by a long steel drill pipe at each sampling point. TN, TP, and pH were analyzed by an elemental analyzer (vario MICRO cube, Elementar, Germany), flow-injection autoanalyser (SAN++, Skalar, Netherlands), and Metterler Toledo pH meter (1:2, H2O), respectively (detail information can be found in [28]). For each soil variable, standard block kriging was used to obtain final depths for each 20 m × 20 m quadrat [32]. Principal component analyses (PCA) were used to reduce the number of environmental factors and to avoid strong correlations. Two PCs of soil properties (soil PC1, soil PC2) and two PCs of topographical variables (topography PC1 and topography PC2) were used to represent the two kinds of environmental variables, respectively (see Figures S4 and S5).



Summary of the productivity, AGBi, species diversity, species composition, structural factors, and environmental factors used in this study is provided in Table S3.




2.6. Statistical Analyses


Prior to all analyses, productivity was natural-log transformed and all explanatory variables were standardized to obtain a mean of 0 and a standard deviation of 1 to improve the interpretability of regression coefficients [38]. Pearson’s correlation analysis was used to examine correlations among all the individual predictor variables (Table S2).



Our study design may have confounded statistical results when there was spatial autocorrelation in the variables of interest. To account for this, we performed generalized least-squares (GLS) models [39] with (accounting for the spatial location of each quadrat) and without spatial autocorrelation among quadrats for each of the relationships between predictors and productivity, as recommended by previous studies [13,40]. GLS models are reliable methods for testing whether quadrats sharing similar abiotic conditions are independent of each other within a forest [41]. The goodness of fit of spatial and non-spatial GLS models were evaluated by AIC. Our results showed that models with spatial autocorrelation structures always had lower AIC values (Table S4).



We used spatial simultaneous autoregressive error models (SARs) to examine the effects of predictor variables on productivity. SARs allowed the inclusion of residual spatial autocorrelation in data, and are widely used in spatial ecology studies [42]. In order to remove multicollinear variables, we used variance inflation factors (VIF < 10; [43]) to identify any multicollinear variables in the SARs. VIFs were calculated using the R package ‘CAR’ [44]. Consequently, the full model included species richness, NMDS1, stand density, DBHsi, topography PC1, soil PC1, and AGBi (Table 1). The best model was selected using corrected AIC (AICc) by considering the lowest AICc and number of predictors [45] (Table S5), as implemented in the R package ‘MuMIn’ [46].



Finally, structural equation models (SEMs) were used to examine both direct and indirect effects of all predictor factors on forest productivity. Using the standardization coefficient of each path in the model, the relative effect of different factors on productivity was quantitatively expressed, so as to compare the relative importance of different factors on productivity. Comparative fit index (CFI), Tucker Lewis index (TLI), root mean square error of approximation (RMSEA), and standardized root mean square residual (SRMR) were considered in SEM selection. SEMs were created using the R package “lavaan” [47]. All statistical analysis was implemented in R version 3.4.1 (R development core team, 2016).





3. Results


3.1. Correlations between Forest Productivity and Individual Predictor Variables


Based on linear regression tests, bivariate relationships indicated that forest productivity was positively associated with 7 of 11 predictor variables and negatively associated with 1 of 11 predictor variables (Figure 2). AGBi (R2 = 0.16, p < 0.001; Figure 2d) explained the most variation in forest productivity, followed by stand density (R2 = 0.12, p < 0.001; Figure 2e) and species richness (R2 = 0.1, p < 0.001; Figure 2a). All three structural diversity variables showed a significant positive impact on forest productivity (Figure 2e–g). Of the diversity metrics, species richness explained more variation in forest productivity than NMDS1 (R2 = 0.04, p < 0.001; Figure 2c), and of the environmental factors, topography PC1 (R2 = 0.02, p < 0.05; Figure 2j) explained more variance thank soil PC1 (R2 = 0.01, p < 0.05; Figure 2h). Other three predictor variables including evenness, soilPC2 and topography PC2 (p > 0.05; Figure 2b,i,k) do not show significant correlation with productivity.




3.2. Relative Importance of Individual Predictor Variables on Forest Productivity


In the optimal spatial SARs model, only DBHsi, stand density, AGBi, species richness, and NMDS1 had significant positive effects on productivity (Table 1), while topography PC1 and soil PC1 had non-significant effects on productivity; other factors were not in the optimal model.



SEMs showed that all predictor variables together accounted for 28% of the variation in forest productivity (Figure 3A). DBHsi, stand density, AGBi, species richness, and NMDS1 all had significant positive effects on productivity (Figure 3A,B). Species richness had an indirect positive effect on productivity through NMDS1 (β = 0.014, p < 0.001) and AGBi (β = 0.016, p < 0.001). Stand density had an indirect positive effect on productivity through AGBi (β = 0.03, p < 0.001) and species richness (β = 0.07, p < 0.001), and indirect negative effects through tree size diversity (β = −0.09, p < 0.001). DBHsi had an indirect positive impact on productivity through AGBi (β = 0.16, p < 0.001). Topography PC1 had an indirect positive effect on productivity through stand density (β = 0.03, p < 0.001) and NMDS1 (β = 0.025, p < 0.001). Soil PC1 had an indirect positive effect on productivity through species richness (β = 0.012, p < 0.001), and indirect negative effects via NMDS1 (β = −0.013, p < 0.001).



Standardized total effects of each predictor variable on productivity showed that DBHsi (value of effects) had the largest effect on productivity, followed by stand density, initial biomass, species richness, NMDS1, and topography PC1.





4. Discussion


Assessing the drivers of forest productivity is vital for guiding forest management [4,5]. We found that species richness and composition had significant positive effects on forest productivity, regardless of the effects of structural attributes, initial biomass, and environmental variables. Structural attributes, including tree size diversity and stand density, were more important modulators of forest productivity than species diversity.



Our results are consistent with findings that species richness enhances forest productivity [40,48,49]. On one hand, our results support the niche complementarity effect because higher niche differentiation promotes higher resource capture, leading to more efficient resource use and higher productivity [13,50,51]; on the other hand, higher species richness also increases the chance of selection effects [52,53]. The direct significant positive effect of species composition on productivity indicated that the productivity increase in our study was related to selection effects. Dominant tree species constitute a central part of the community and are responsible for most of the energy and resource fluxes of the ecosystem [35]; thus they contribute more to productivity increases [24]. Similar studies in other subtropical forests have reported that dominant tree species predict local scale variation in forest above-ground carbon stocks and community productivity [54,55]. Species richness also had an indirect positive effect on productivity through species composition in our analysis. Our results indicate that productivity was simultaneously affected by niche complementarity and selection effects.



More importantly, as we hypothesized, structural variables had larger effects on forest productivity than other factors in our study, supporting the niche complementarity hypothesis [4,5,6]. Consistent with previous studies, stand density had a significant impact on forest productivity, indicating that there was a strong interaction between individuals [56,57]. From low to high stand densities, it is widely accepted that the interactions among trees will be more intensive, and trees will occupy more space and utilize more resources [20], possibly leading to an increase in complementarity [58,59].



In our study, tree size diversity was more predictive than stand density of forest productivity. We found that the total effect of tree size diversity on productivity was the largest among all explanatory variables. Theoretically, tree size diversity directly reflects the change of individual size in the horizontal structure and indirectly reflects the change of vertical structure (i.e., tree height) [6,22]. Within forests, complex tree size structures have been associated with increased light capture and use efficiencies [21,60]. Tree species with high size variation or variable tree sizes in forest communities are likely to have their own set of habitat requirements for water and soil nutrients [61]. Therefore, a multilayered forest structure allows for more efficient utilization of resources in species diverse forests, leading to enhanced productivity via niche differentiation [53]. Other studies have suggested that the impact of tree size diversity on productivity is mainly due to higher species diversity [6,62]. In stands with high species diversity, the canopy of different tree species occupies different niches, thus forming a dense and vertically stratified canopy with high tree size diversity [63,64]. However, our SEM results showed that there was no correlation between species diversity index and tree size diversity. Therefore, our results support that tree size diversity has an independent effect on forest productivity.



A similar study of the same subtropical forest showed that stand density was the most important modulator of productivity, but also that forest age plays an important role [4,23,65]. Our study included the number of DBH classes (DBHcs) as a structural variable, which served as a proxy for forest age, but DBHcs was not a significant factor in our SARs (Table 1). In the large scale study of Ouyang et al. [23], most forests were still young (age <45 year) due to afforestation and natural forest restoration projects. The mature forest in our study (age >100 years) with long-term natural gap dynamics promotes layer differentiation, while simple structures (e.g., planted forests) or young forests either do not, or the effects are well explained by species diversity [66]. The initial AGB was included in our analysis and showed a strong correlation with the number of DBH classes (AGBi in Table S2). Generally, AGB increases exponentially or as a power-function with tree diameter at tree scale [67,68], and therefore initial AGB can largely replace the effects of stand age. As demonstrated by previous studies [69,70], initial AGB had positive significant effects on forest productivity. Our results bolster our knowledge that structural explanatory variables are the greatest predictors of productivity in mature subtropical forests, regardless of initial biomass, which strongly supports the niche complementarity effect.



It is important to emphasize that all predictor variables together accounted only for 28% of the variation in forest productivity based on our SEMs analysis. This highlights the complex nature of the underlying determinants of forest productivity and further studies are needed to improve our understanding of this important problem. Indeed, low power of explanation of predictor variables on forest productivity is also found in similar studies e.g., [23,24,70]. The predictor variables only accounted for 27% of productivity variation (carbon gain of surviving trees) in a temperate mixed forest [70], 37% of productivity variation in a subtropical forest [24], and 37% of aboveground net primary productivity in a temperate deciduous forest [23]. One possible reason is that there are other important factors that are determining natural forest productivity [5]. In controlled experimental studies about the biodiversity-productivity relationship, the predictor variables can explain 40% to 60% of variation of productivity [48,71]. Moreover, low explanation may also be related to the complexity of the forest ecosystem itself. Forest ecosystem has complex vertical and horizontal structure, species diversity, environment factors, etc. Numerous factors may dilute the strength of the explanation on productivity. For instance, the same set of predictor variables can explain up to 69% of variation in productivity in the simple boreal forests, but only accounted for no more than 24% in temperate forest [57].




5. Conclusions


Our study provides evidence that structural explanatory variables predict productivity in mature subtropical forests. Furthermore, we show that tree size diversity plays a more important role than stand density and initial biomass on forest AGB productivity of surviving trees, and is independent of species richness and composition, supporting the niche complementarity hypothesis. In sum, our results suggest that regulating and conserving forest stand complexity should be among the most important goals to promote higher forest productivity in subtropical forest management.
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Figure 1. The study area location in Zhejiang Province, China (A) and the perspective map of topography of the 20-ha Tiantong forest dynamics plot (B). 
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Figure 2. Bivariate relationships between forest productivity (ln-transformed ΔAGB) and species diversity [(a) species richness, (b) evenness], species composition [(c) NMDS1], initial above-ground biomass [(d) AGBi], structural factors [(e) stand density, (f) DBH classes (DBHcs), and (g) tree size diversity (DBHsi)], environmental factors [(h) soil PC1, (i) soil PC2, (j) topography PC1, and (k) topography PC2] in Tiantong plot (CI, 95% confidence interval for the regression coefficients). 






Figure 2. Bivariate relationships between forest productivity (ln-transformed ΔAGB) and species diversity [(a) species richness, (b) evenness], species composition [(c) NMDS1], initial above-ground biomass [(d) AGBi], structural factors [(e) stand density, (f) DBH classes (DBHcs), and (g) tree size diversity (DBHsi)], environmental factors [(h) soil PC1, (i) soil PC2, (j) topography PC1, and (k) topography PC2] in Tiantong plot (CI, 95% confidence interval for the regression coefficients).



[image: Forests 12 00998 g002]







[image: Forests 12 00998 g003 550] 





Figure 3. The structural equation model of species diversity, species composition, structural diversity, above-ground biomass, and environmental factors and ΔAGB, as well as the effects of standardization (A); black and red solid lines represent positive and negative effects, respectively. Widths of solid lines indicate path strengths; dotted lines indicate non-significant correlations. Numbers and associated asterisks are standardized path coefficients and significance levels (* p < 0.05; ** p < 0.01; *** p < 0.001) for each path. (B) Standardized effects of each factor; black hatched bars show the direct effects, gray bars show indirect effects, and black bars show total effects. 
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Table 1. Optimal spatial simultaneous autoregressive error model of species diversity, species composition, stand structural attributes, initial above-ground biomass, and environmental factors on forest productivity.
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Variable

	
Estimate

	
CI

	
SE

	
t-Value

	
p-Value

	
VIF






	
AGBi

	
0.045048

	
0.022–0.068

	
0.011753

	
3.833

	
<0.001

	
2.2




	
Species richness

	
0.025511

	
0.005–0.045

	
0.010313

	
2.474

	
<0.05

	
1.68




	
NMDS1

	
0.023597

	
0.006–0.04

	
0.008516

	
2.771

	
<0.01

	
2.64




	
Stand density

	
0.063777

	
0.039–0.087

	
0.012331

	
5.172

	
<0.001

	
2.49




	
DBHsi

	
0.041642

	
0.016–0.066

	
0.012664

	
3.288

	
<0.01

	
2.54




	
Topography PC1

	
0.013453

	
−0.01–0.03

	
0.010255

	
3.475

	
0.07

	
2.12




	
Soil PC1

	
0.010462

	
−0.01–0.03

	
0.012346

	
2.476

	
0.08

	
1.96




	
Model statistics

	
DF

	
R2

	
SEresid

	
F-value

	
p-value

	
VIF




	
494

	
0.28

	
0.18

	
38.7

	
<0.001

	
2.64








Notes: CI, 95% confidence interval for the regression coefficients; DF, degree of freedom; SE, standard error; SEresid, residual standard error; VIF, variance inflation factor. The model selection is provided in Table S5.
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