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Abstract: Stability and productivity are important indicators used to measure the state of forest
ecosystems. Artificial forests populations with reasonable structures and strong stability are critical for
ecosystem productivity. Previous studies have focused on individual factors, while the mechanisms of
how multiple factors affect population productivity remain unknown. We used 57 plots in a Chinese
pine (Pinus tabuliformis) plantation to investigate 23 stand factors and analyzed the relationships
among site factors, population structure, population stability, and population productivity using
partial least square-structural equation modeling (PLS-SEM). The results showed that the population
productivity of the plantation was directly affected by the population stability latent variable but
indirectly affected by the site conditions latent variables (indirect effect path coefficient = 0.249) and
forest structure (indirect effect path coefficient = 0.222). However, the site conditions latent variable
was the main factor directly affecting the population stability latent variables; the total effect was
0.511 (direct effect path coefficient = 0.307, indirect effect path coefficient = 0.204), and the influence
of forest structure on population stability was lower than that of the site conditions latent variable
(direct effect path coefficient = 0.454). The factor with the greatest weight among the site conditions
latent variable was slope (0.747), indicating that slope contributes the most to latent variables related
to forest population stability. Among all variables affecting the forest stability latent variables, forest
density had the highest weight value (0.803), and the weight value of forest mortality was lower
than that of forest density. The weights of the latent variables associated with population structure
from high to low were canopy density, the uniform angle index, and the spatial competition index,
indicating that competition for space had the lowest influence on the population stability latent
variables. The results provide new insights and ideas for quantifying relationships among different
driving factors and a basis for scientific and rational plantation management.
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1. Introduction

Artificial forests play an important role in the development of human society and the protection
and restoration of the ecological environment. At present, the area of plantation forests in China has
reached 80.31 million hectares, with this number ranking first in the world [1]. However, Chinese
plantation forests are generally of poor quality, not only because of their low productivity, but also
because of a series of associated ecological problems, such as decreased soil fertility [2,3], exacerbation
of the effects of pests and diseases, and lowered biodiversity [4]. Chinese pine (Pinus tabuliformis), as the
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dominant species in China’s northern coniferous forests [5] and the main afforestation tree species
on the Loess Plateau, has a wide distribution and strong water and soil conservation capabilities and
provides good ecological and economic benefits [6].

Forest productivity is an important indicator of the structure and functional characteristics of
forest ecosystems [7] and can be measured on the basis of aboveground tree biomass [8,9]. Many factors
affect productivity, but previous studies have mainly focused on one type of factor. Glatthor et al. hold
that forest structure diversity has a greater impact on productivity than species diversity, and species
diversity indirectly affects productivity through changes in population structure [10]. Grimm et al.
reported that a forest canopy with a more complex structure will increase the amount of carbon
sequestered by the forest and thus its productivity [11]. The complexity of the canopy structure has a
similar effect on the net primary productivity (NPP) of wood as the total leaf area and site quality [12].
Furthermore, the population structure of tree species has a significant impact on population stability [13].
Other researchers have found that heterogeneity in stand structure affects forest productivity [14,15] and
stability [16] more than species diversity and that inequality in tree size reduces forest productivity [17].
In medium-productivity forests dominated by mixed coniferous tree species, the stability of the species
composition decreases with increasing site productivity [18], and site quality may have an important
impact on wood production [19]. Numerous previous studies have indicated that the season and
time [20], competition for light among trees [21], differences in management [22], and other factors
can affect forest productivity. Bueis et al. selected four site indices and built a model which showed
that forest productivity was affected by water availability and soil acidity [23]. Previous research has
focused on the impact of certain types of variable on productivity, and it is rare to analyze and discuss
different types of variables and productivity simultaneously.

This study uses a structural equation model (SEM) to explore the relationships between different
variables and the comprehensive impact of these variables on population productivity. In contrast to
the traditional method of correlation analysis, SEM analysis is based on prior knowledge of the existing
theory, and the interrelationships between the factors in the system are established in the model prior
to the analysis. This method not only can be used to judge the degree of the influence of the different
factors but also to analyze the overall model. Fitting and judgement, avoiding the assessment of the
direct relationships between individual variables, can effectively reveal the true mechanisms driving
the existence and development of natural systems [24]. Some scholars [15,25] have introduced SEM
analysis into forestry-related research and obtained relatively effective results.

In this study, we used 57 plots in Chinese pine (Pinus tabuliformis) plantations in the Huanglong
Mountain forest area of the Loess Plateau. Based on the biological meaning of each variable,
the 23 observed variables were divided into four groups of latent variables. We applied canonical
correlation analysis (CCA) and SEM to screen multiple related observed variables. We also employed
partial least squares structural equation modeling (PLS-SEM) to quantify the pairwise relationships
between site conditions, population structure, population stability, and population productivity
factors. The primary objectives of this work were to (1) analyze the direct and indirect influences
of site conditions, population structure, population stability, and population productivity factors of
Chinese pine plantations; (2) explore the interactions between site conditions, population structure,
population stability, and population productivity factors and determine the weights of the specific
variables of Chinese pine plantations; and (3) construct a SEM of the population productivity,
population structure and stability of Chinese pine plantations to provide a reference for their
scientific management.

2. Materials and Methods

2.1. Study Area

The study area is located in the forest area of Huanglong Mountain in Shaanxi Province,
with geographic coordinates of 109◦38′49”–110◦12′47” E, 35◦28′46”–36◦02′01” N, located in the
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semi-humid and semi-arid temperate zone. The climate transition zone belongs to the hilly and gully
area of the Loess Plateau. The annual average temperature is 8.6 ◦C, the frost-free period is 175 days,
and the annual sunshine hours reach 2370 h. The altitude in the study area is between 1100 and 1520 m,
and the annual average precipitation is 611.8 mm. The soil is mainly Haplic Luviso, and the zonal
vegetation is a warm-temperate deciduous broad-leaved forest belt. The forest communities mainly
consist of Chinese pine (Pinus tabulaeformis), Liaodong oak (Quercus wutaishanica), and white birch
(Betula platyphylla), and the main admixture species is Amur maple (Acer ginnala).

2.2. Data Collection and Analysis

The data used in this study were collected from 57 plots of 20 × 30 m in the Huanglong Mountain
Forest District from July to August 2017 and July to August 2018. Stratified random sampling was
conduct in this study to determine the number and distribution of sample plots and to yield more
precise model estimates within certain sampling intensity. Based on the prior knowledge from national
forest inventory (NFI), age group(middle-aged stand and mature stand), canopy closure (over 60% and
40–60%), dominant species (Chinese pine in this study), and origin of stand (plantations in this study),
which provide direct and indirect impact on the forest productivity [26,27], were used to stratify all of
the forest locations into four strata as middle-aged Chinese pine forest with moderate density (MAPM),
middle-aged Chinese pine forest with high density (MAPH), middle-aged Chinese pine forest with
high crown closure (MPM), and mature Chinese pine forest with high density (MPH). Thereafter,
random sampling was conducted within each stratum. The number of sampled plots for each stratum
was calculated as following formula (1) [28]. The results are shown in Table 1.

n =
t2
(∑J

h=1 WhC2
h

)
E2 (1)

where n is total sample size, t is t-value of the 95% confidence, J is the total number of stratum, i stands
for the ith stratum, Wh is area weight of each strata; Ch is coefficient of variation of volume per hectare
of each strata; E is allowable standard error in units of survey plots, in this study, E was set to 10%.

Table 1. Total number of sample plots and number of samples in each stratum

Strata Area (ha) Wh Ch Ch
2 WhCh

2 nh = nWh

MAPM 984.10 0.1063 0.3953 0.1563 0.0166 6
MAPH 5868.25 0.6338 0.3821 0.1460 0.0925 36
MPH 2344.84 0.2532 0.3882 0.1507 0.0382 15
MPM 62.29 0.0067 0.3036 0.0922 0.0006 0
SUM 9259.48 1 - - 0.3053 57

Note: nh is the number of plots that should be selected for each strata; n is total number of plots; MPM: Middle-aged
Chinese pine forest with moderate crown closure; MPH: Middle-aged Chinese pine forest with high crown
closure; MAPH: Mature Chinese pine forest with high crown closure, Middle-aged Chinese pine forest with high
crown closure.

The surveyed variables included diameter at breast height (DBH), tree height, crown width, X and
Y relative coordinates, canopy closure, plot altitude, slope aspect, slope, and litter thickness. We labeled
all trees which DBH larger than 3 cm and recorded them. The DBH was measured using diameter tape
with 0.1 cm precision. The average slope and altitude were recorded using a portable GPS-G138BD
(made by Unitstrong, Beijing, China). Litter thickness was measured at points 1/4, 1/2, and 3/4 of the
length of the diagonals. Canopy length was measured from north to south and east to west using a tape
measure with an accuracy of 0.1 m, and calculated based on the projection area of all canopies in a plot
and the total area of the plot, and this calculation was performed in ArcGIS 10.2 (Esri, Redlands, CA,
USA). Use the Blume-Leiss height indicator to measure the height of trees with an accuracy of 0.5 m.
We used an increment borer to measure five different trees in each plot to determine the average age of
the trees in the plot, because our selected plots occurred in an even-aged plantation forest. The relative
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coordinates of the trees in each plot were measured using a tape measure. Each plot was divided into a
5 × 5 m grid, and then each tree’s position within the grid was carefully determined. We also counted
the number of seeding of Chinese pine which DBH less than 3 cm in a 5 × 5 m grid. The analysis of
survey data is shown in Table 2.

Table 2. Analysis of survey data

Variable Min Max Mean SD

Age (year) 29 60 39 8.41
Average DBH (cm) 8.29 32.02 15.34 5.32
Average height (m) 8.05 18.87 13.12 2.27

Elevation (m) 1114 1519 1370.08 113.82
Slope (◦) 3 40 18.67 8.55

Litter thickness (cm) 3.41 16.1 7.32 2.82
Number of stems (ha) 500 4533 2346 1131.19

Canopy density 0.6 0.98 0.87 0.06
Basal area (m2/ha) 15.64 58.26 34.69 8.49

Soil samples were collected from the 57 plots from 10 to 12 August 2017 and 14 to 16 August 2018.
Thirteen points were established in each plot to form an S shape, and horizons of 0 to 30 cm were
collected using a 5 cm diameter soil driller after the litter was removed. Soil samples collected at a
single site were mixed into one sample. After the removal of fine roots and green vegetation parts,
the soil samples were passed through a 2 mm sieve and stored at −4 ◦C for subsequent chemical and
physical analyses. Samples for soil bulk density analysis were collected with a 100 mm2 cylindrical
metal sampler.

The soil organic matter (SOM) was assayed by the dichromate oxidation method [29]. The soil
water content (SWC) was measured by oven drying the soil at 105 ◦C until a constant weight was
reached. The total nitrogen content (TN) was measured with a FOSS Kjeltec 8400 Analyzer Unit
(FOSS, Hillerød, Denmark) using the Kjeldahl method [30], the total phosphorus (TP) was determined
by digestion with H2SO4-HClO4 followed by measurement with a spectrophotometer (HITACHI,
Japan) [31], and the total carbon (TC) in 1 mm of sieved soil was measured with a Liaui TOC II Analyzer
(ELMENTAR, Langenselbold, Germany).

2.3. Selection of Variables

The SEM analysis method is a comprehensive technique based on the use of a variable covariance
matrix to analyze the relationships in multivariate data and identify the relationships and causality
between variables. The model contains observed and latent variables. Variables that can be directly
measured are called observed variables, and those that cannot and need to be expressed on the basis of
the observed variables are called latent variables. In this study, we used latent variables and observed
variables to explain the relationships between various influencing factors related to productivity
and selected three independent latent independent variables (site conditions, population structure,
and population stability) and one independent potential dependent variable (population productivity)
to construct the SEM.

Among the latent variables related to site conditions, we used the following eight independent
observed variables: altitude (ALT), slope (SLO), soil organic matter content (SOM), soil total carbon
content (TC), soil total phosphorus content (TP), soil total nitrogen content (TN), soil water content
(SWC), and litter thickness (LT). We also selected eight observed variables related to forest structure,
including those not related to the spatial structure of the forest stand: mean diameter at breast height
(MDBH), average tree height (AH), and stand canopy density (CD); and those related to the spatial
structure: the uniform angle index (W) [32], dominance (U) [33,34], crowding (C) [35], distance-related
competition index (Hegyi) [36], and space-based competition index (SCI) [37], the spatial structure of
forest can be quantified by describing the spatial relationships between the reference tree and its four
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immediate neighboring trees [38]. Among the latent variables related to population stability, we selected
those that characterize population dynamics: population density (D), population mortality (FM),
forest regeneration ability is expressed by regeneration of undergrowth seedlings (RUS) and population
age (AGE). We also selected the total productivity (PP) of the plot, to explore the influence of other
latent variables on the average productivity of the Chinese pine population [39], average individual
plant productivity (IP) and average annual productivity (APP) were also used to explain population
productivity. The explanation or formula of each variable is shown in Table 3 and the variables results
are shown in Table S1. The calculation of the index is carried out in R software ver-3.5.3.

In summary, 23 variables were used in this study to describe the four latent variables of site
conditions, population structure, population stability, and population productivity associated with
Chinese pine plantations. Through the implementation of PLS-SEM, the influencing mechanisms of
the observed variables and the relationships between these variables and their effects on population
productivity were analyzed.

2.4. Construction of the Initial Model

In exploratory research, if the relationship between variables is not understood, the use of
PLS-SEM should be considered [40]. In addition, some researchers have also emphasized that when
the sample size is limited and the data are not normally distributed, PLS-SEM has greater tolerance
than covariance-based structural equation modeling (CB-SEM) [41,42]. The PLS-SEM method has been
applied to some multivariate coupling studies in the natural sciences, and its application in forest
ecosystems has proven the scientificity and reliability of the model [15,25,43]. Therefore, PLS-SEM was
used in this study. A preliminary model was established based on the following causal assumptions:

(1) Site conditions, population structure and population stability latent variables have direct
effects on population productivity latent variable;

(2) The latent variable of site conditions has an indirect effect on the latent variable of population
productivity through the latent variables of population structure and population stability.

(3) The latent variable of population structure has an indirect impact on the latent variable of
population productivity through the latent variable of population stability.

When the initial model is constructed, the direction of the arrow between the latent variables
indicates the causality of the impact. The environment of the population is closely related to the
basic state of the population and has an objective and long-lasting impact at all stages of population
growth [44]. Populations growing under good environmental conditions are more likely to succeed in
forest communities with good structure, strong stability, and high productivity. Therefore, in the initial
model, site conditions affect the structural latent variables, stability latent variables, and productivity
latent variables. Structure is a comprehensive reflection of population development and succession
processes such as renewal methods, competition, self-sparseness, and interference activities [45]. It is
an objectively existing distribution state, and structure determines function. Therefore, in the initial
model, structural factors affect stability factors and productivity factors. In addition, stability is a
manifestation of the state of a population indicating its ability to return to its original state after being
slightly disturbed. If the renewal and recovery ability is strong in a stable forest, then the productivity
is high, so we set the stability latent variable to affect the productivity latent variable in the initial
model. The original model is shown in Figure 1.
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Table 3. Description of variables used in the research

Latent Variable Observed Variable Abbreviation Description

Site
Conditions

Litter thickness LT Mean thickness of litter in a stand
Total carbon content TC Content of total carbon in soil

Total nitrogen content TN Content of total nitrogen in soil
Total phosphorus content TP Content of total phosphorus in soil

Soil water content SWC Content of water in soil
Soil organic matter SOM Content of organic matter in soil

Altitude ALT Altitude of Chinese pine population stand
Slope SLO Slope where Chinese pine population occurs

Forest
Structure

Dominance U Ui =
1
n
∑n

j=1 vij vi j =
{

1, D j < Di
0, otherwise

Proportion of the n nearest neighbors of a given reference tree that are smaller than the reference tree
[33,34]

Uniform angle index W
Wi =

1
n
∑n

j=1 yij yi j =
{

1, αi j < α0
0, otherwise

Characterization of the spatial distribution of a forest community or of individual tree species within
that community by gradually comparing the four included angles with the standard angle

[32]

Crowding C

Ci =
1
n
∑n

j=1 zi j zi j =
{

1,
0,

di j <
(
cwi + cw j

)
/2

otherwise
Crowding degree of a neighborhood unit according to the overlapping of the crown in the spatial

microenvironment, which clearly defines the crowding degree for a reference tree and its four nearest
neighbors

[35]

Forest
Structure

Hegyi index Hegyi Hegyi =
n∑

j=1

(
D j
Di
·

1
di j

)
[36]

SCI competition index SCI
The distance-dependent competition index

SCI =
√

Ui·Ci·λWi·λMi
The structure-based competition index

[37]

Mean diameter at breast height MDBH Average diameter of the Chinese pine population

Average height
Crown density

AH
CD

Average height of the Chinese pine population
Aggregate of all vertically projected tree crowns onto the ground surface

Population
stability

Density D Chinese pine population density
Regeneration of undergrowth

seedlings RUS The ratio of Chinese pine seedlings (DBH less than 3 cm) to the total number of plants in each plot

Forest mortality FM Proportion of dead wood in the forest plot
Average age AGE Average age of the Chinese pine population

Population
productivity

Plot productivity PP Wpp =
∑n

i=1 0.02112
(
Di

2Hi
)1.13674

Total productivity of trees in plot

Average annual productivity AAP WAAP =
Wpp
Nage

Average annual productivity of the plot

Individual productivity IP WIP =
Wpp
N

Average productivity of individual trees in the plot

Meaning of the variables in these equations are as follows: In the formula of forest structure, n represents the number of neighbors, and in this study, n = 4; Di is the DBH of the ith
reference tree; Dj is the DBH (cm) of the jth neighboring tree; dij is the distance between the ith reference tree and the jth neighboring tree; αij is the horizontal angle between reference tree
and four neighboring trees; a standard angle α0 = 72◦; cwi the crown width of the ith reference tree, and cwj the crown width of the jth reference tree. Ui is the dominance, Ci is the
crowding index, λWi represents the weighting factors for the spatial distribution of neighboring trees, λMi represents the weighting factors for species identity, Wpp is the plot productivity,
Nage is the average age of forest trees in the plot, N is the number of trees in the plot.
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2.5. Canonical Correlation Analysis

The implementation of CCA involves the understanding of the covariance matrix. CCA is a
multivariate analysis method that uses the correlation between comprehensive variable pairs to reflect
the overall correlation between two sets of indicators [44]. In contrast to other statistical methods,
CCA takes each group of variables as a whole. The size of the canonical correlation coefficient can
indicate the influence of different factors on the dependent variable or the contribution of a variable to
the explained variable. Since the relationships among the neutral site conditions, structural factors,
stability factors, and productivity factors in this study were artificially established based on the existing
results of forestry research and recognized forestry knowledge, the true reliability of the relationship
was assessed with CCA. The CCA was performed using IBM SPSS Statistics 25(IBM SPSS Statistics,
IBM, Chicago, IL, USA).
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Figure 1. The original partial least squares structural equation model showing the relationship between
latent variables. The arrow indicates the effect between latent variables or weight of observed variables
to latent variables. The ovals indicate the latent variables; the rectangles indicate the observed
variables. LT: Litter thickness; SOM: Soil organic matter; SWC: Soil water content; TC: Soil total carbon;
TN: Soil total nitrogen; TP: Soil total phosphorus; ALT: altitude; SLO: Slope; Hegyi: Hegyi competition
index; U: Dominance; W: Uniform angle index; C: Crowding; SCI: Structure-based competition index;
CD: Crown density; AH: Average height; MDBH: Mean diameter at breast height; D: Stand density;
RUS: Regeneration of undergrowth seedlings; FM: Forest mortality; AGE: Average age of trees in the
plot; IP: Individual productivity; AAP: Average annual productivity; PP: Plot productivity.

2.6. Model Suitability Test

After the model is constructed, its suitability needs to be tested to verify its reliability. The reliability
test refers to the test of the degree of consistency and stability shown by the measurement data results
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and is also an evaluation standard for the result consistency and stability. Cronbach’s alpha is a popular
indicator used to test the internal consistency of measurement indicators [46]. This consistency is
acceptable when the value is greater than 0.6. The variance inflation factor (VIF) characterizes the
collinearity between different observed variables, and the VIF should be less than 5 [47]. In the final
PLS-SEM analysis, the combined reliability (CR) and average variance extracted (AVE) were used to
evaluate the structural reliability and validity of the internal model, with CR > 0.7 indicating good
internal consistency and reliability [48], and AVE > 0.5 indicating good fit and convergence validity [49].
The standardized root means square residual (SRMR) is the average of the standardized residuals
between the observed covariance matrix and the assumed covariance matrix [50,51]. The SRMR is
acceptable when it produces a value less than 0.1 [52]. When the p-value of the path coefficient is
less than 0.05 (or a T statistic > 1.96), the impact is significant [40], and the hypothesis is accepted.
The maximum number of PLS algorithm iterations is set to 5000. In this study, we set the number
of bootstrapping iterations to 10,000 and the bootstrapping significance level to 0.05 to ensure the
reliability of the results. All PLS-SEM analyses were performed using Smart PLS 3 (ver-3.2.8, SmartPLS
GmbH, Boenningstedt, Germany).

3. Results

3.1. Canonical Correlation Analysis

The results show that the CCA results of site conditions and population productivity,
forest structure, and population productivity are not statistically significant, which indicates that there
is no direct relationship between these variables. The results of site conditions and forest structure,
site conditions, and population stability showed strong significance; the results of forest structure
and population stability, population stability, and population productivity showed extremely strong
significance. The results are shown in Table 4.

Table 4. Canonical correlation analysis results

Latent Variable Group Canonical
Correlations 1 p-Value Wilk’s Statistic Chi-Square DF

Site conditions and forest structure 0.749 ** 0.001 0.850 115.79 72
Site conditions and population stability 0.676 ** 0.004 0.251 67.717 40

Site conditions and population productivity 0.633 0.058 0.470 37.722 24
Forest structure and population stability 0.875 *** 0.000 0.111 106.691 45

Forest structure and population productivity 0.742 0.064 0.156 92.959 24
Population stability and population productivity 0.738 *** 0.000 0.150 94.734 24

Note: ** p < 0.01; *** p < 0.001.

3.2. Modification and Interpretation of the Model

According to the results of the CCA, the connections between the latent variables are corrected in
the PLS-SEM, remove paths that are not significant (Figure 2). The contribution coefficients of each
observed variable under each group of latent variables are compared to evaluate the importance of
the observed variables. On the basis of the comparison and selection of the model matching results,
the observed variables with strong collinearity and small contributions to the whole are deleted.
Through continuous adjustments, the final model becomes more reasonable, and the complexity and
explanatory power of the model also improve.

3.3. Model Fit Test

The best-fitting structural model is shown in Figure 3. In the validity test of the productivity of
the Chinese pine plantation, Cronbach’s alpha = 0.893, and the CR value was 0.839, which indicates
that the model has good internal consistency and reliability. The AVE value of 0.885 indicates that
the convergence of our final model is very good. To avoid multicollinearity between the observed
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variables, VIF analysis was carried out on the target variables; the results showed that the VIF of all
variables was less than 3.0, and the observed variables did not have collinearity. The results pertaining
to model fit are SRMR = 0.099. All path coefficient hypothesis test results were found to be significant.
Model fit test results are shown in Table 5.

Forests 2020, 11, x FOR PEER REVIEW 10 of 18 

 

we set the number of bootstrapping iterations to 10,000 and the bootstrapping significance level to 
0.05 to ensure the reliability of the results. All PLS-SEM analyses were performed using Smart PLS 3 
(ver-3.2.8, SmartPLS GmbH, Boenningstedt, Germany). 

3. Results 

3.1. Canonical Correlation Analysis 

The results show that the CCA results of site conditions and population productivity, forest 
structure, and population productivity are not statistically significant, which indicates that there is 
no direct relationship between these variables. The results of site conditions and forest structure, site 
conditions, and population stability showed strong significance; the results of forest structure and 
population stability, population stability, and population productivity showed extremely strong 
significance. The results are shown in Table 4. 

Table 4. Canonical correlation analysis results 

Latent Variable Group Canonical 
Correlations 1 p-Value Wilk’s 

Statistic 
Chi-

Square DF 

Site conditions and forest structure 0.749 ** 0.001 0.850 115.79 72 
Site conditions and population stability 0.676 ** 0.004 0.251 67.717 40 

Site conditions and population productivity 0.633 0.058 0.470 37.722 24 
Forest structure and population stability 0.875 *** 0.000 0.111 106.691 45 

Forest structure and population productivity 0.742 0.064 0.156 92.959 24 
Population stability and population productivity 0.738 *** 0.000 0.150 94.734 24 

Note: ** p <0.01; *** p <0.001. 

3.2. Modification and Interpretation of the Model 

According to the results of the CCA, the connections between the latent variables are corrected 
in the PLS-SEM, remove paths that are not significant (Figure 2). The contribution coefficients of each 
observed variable under each group of latent variables are compared to evaluate the importance of 
the observed variables. On the basis of the comparison and selection of the model matching results, 
the observed variables with strong collinearity and small contributions to the whole are deleted. 
Through continuous adjustments, the final model becomes more reasonable, and the complexity and 
explanatory power of the model also improve. 

 
Figure 2. Latent variable path based on CCA results. Figure 2. Latent variable path based on CCA results.

Forests 2020, 11, x FOR PEER REVIEW 11 of 18 

 

3.3. Model Fit Test 

The best-fitting structural model is shown in Figure 3. In the validity test of the productivity of 
the Chinese pine plantation, Cronbach’s alpha = 0.893, and the CR value was 0.839, which indicates 
that the model has good internal consistency and reliability. The AVE value of 0.885 indicates that 
the convergence of our final model is very good. To avoid multicollinearity between the observed 
variables, VIF analysis was carried out on the target variables; the results showed that the VIF of all 
variables was less than 3.0, and the observed variables did not have collinearity. The results 
pertaining to model fit are SRMR = 0.099. All path coefficient hypothesis test results were found to be 
significant. Model fit test results are shown in Table 5. 

Table 5. Model fit test results 

Indicators Cronbach’s Alpha CR AVE SRME 
Value 0.893 0.839 0.885 0.099 

Reliability test standards >0.6 >0.7 >0.5 <0.1 

3.4. Relationships between Latent Variables 

The relationships between the observed and latent variables are shown in Figure 3. Among the 
observed variables related to the site environment, the soil water content (SWC) and slope (SLO) 
showed the greatest contribution, with weights of 0.814 and 0.747, respectively, and the TP and TN 
weights were smaller. Among the latent variables related to structure, the non-spatial structure index 
of the population contributed the most to the canopy density, with a weight of 0.831. For the spatial 
structure index of the population, the uniform angle index (W) contributed the most, with a weight 
of 0.695, while the spatial competition index (SCI) had a smaller effect, with a weight of −0.111. 
Among the latent variables related to the stability factor, density (D) and forest mortality (FM) had 
the greatest contributions, with weights of 0.803 and 0.400, respectively. Among the latent variables 
pertaining to productivity, both total plot productivity (PP) and average annual productivity (AAP) 
reflected population productivity to the greatest extent, with coefficients of 0.894 and 0.986, 
respectively, indicating that their contributions reached 80% and 90%, respectively. 

 
Figure 3. Final structural equation model. SLO: Slope of plots; TN: Soil total nitrogen; TP: Soil total 
phosphorus; SWC: Soil water content; W: Uniform angle index; U: Dominance; SCI: Structure-based 
Figure 3. Final structural equation model. SLO: Slope of plots; TN: Soil total nitrogen; TP: Soil total
phosphorus; SWC: Soil water content; W: Uniform angle index; U: Dominance; SCI: Structure-based
competition index; CD: Crown density; D: Stand density; FM: Forest mortality; AAP: Average annual
productivity; PP: Plot productivity. A solid line between observed variables indicates direct effect, and
a dotted line indicates an indirect effect. A solid line between observed variables indicates a direct
effect, and a dotted line indicates an indirect effect. The arrow between the latent variables indicates the
path coefficient, the arrow between the latent variable and the observed variable indicates the weight.
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Table 5. Model fit test results

Indicators Cronbach’s Alpha CR AVE SRME

Value 0.893 0.839 0.885 0.099
Reliability test standards >0.6 >0.7 >0.5 <0.1

3.4. Relationships between Latent Variables

The relationships between the observed and latent variables are shown in Figure 3. Among the
observed variables related to the site environment, the soil water content (SWC) and slope (SLO)
showed the greatest contribution, with weights of 0.814 and 0.747, respectively, and the TP and TN
weights were smaller. Among the latent variables related to structure, the non-spatial structure index
of the population contributed the most to the canopy density, with a weight of 0.831. For the spatial
structure index of the population, the uniform angle index (W) contributed the most, with a weight
of 0.695, while the spatial competition index (SCI) had a smaller effect, with a weight of −0.111.
Among the latent variables related to the stability factor, density (D) and forest mortality (FM) had
the greatest contributions, with weights of 0.803 and 0.400, respectively. Among the latent variables
pertaining to productivity, both total plot productivity (PP) and average annual productivity (AAP)
reflected population productivity to the greatest extent, with coefficients of 0.894 and 0.986, respectively,
indicating that their contributions reached 80% and 90%, respectively.

The final model results shown in Table 6 and Figure 3. Indicate that the latent variable of
site conditions have a positive effect on the latent variable of stability, the total effect is 0.511
(T-statistic = 5.683, p < 0.001), the direct effect path coefficient is 0.307, and the indirect effect is 0.204.
Site conditions have a positive direct impact on forest structure, and the impact coefficient is 0.449
(T-statistic = 3.801, p < 0.001); site conditions also have a positive and indirect impact on productivity
factors, with an impact coefficient of 0.249 (T-statistics = 3.921, p < 0.001). Overall, site conditions have
the greatest impact on population structure and stability. In addition, structure has a positive direct
impact on stability, with an impact coefficient of 0.454 (T-statistic = 4.046, p < 0.001), and an indirect
positive impact on population productivity, with an impact coefficient of 0.222 (T-statistic = 3.209,
p < 0.01). The coefficient is 0.488 (T-statistics = 6.657, p < 0.001), and the impact is moderate.

Table 6. Path coefficient between latent variables

Latent Variable Group Direct Effect T-Value Indirect Effect T-Value Total Effect T-Value

Site conditions -> Forest structure 0.449 *** 3.801 _ _ 0.449 *** 3.801
Site conditions -> Population stability 0.307 * 2.548 0.204 ** 2.716 0.511 *** 5.683

Site conditions -> Population productivity _ _ 0.249 *** 3.921 0.249 *** 3.921
Forest structure -> Population stability 0.454 *** 4.046 _ _ 0.454 *** 4.046

Forest structure -> Population productivity _ _ 0.222 ** 3.209 0.222 ** 3.209
Population stability -> Population productivity 0.488 *** 6.657 _ _ 0.488 *** 6.657

Note: * p < 0.05; ** p < 0.01; *** p < 0.001.

4. Discussion

4.1. Direct Effect of Population Stability on Population Productivity

Forest productivity is an important indicator used in the study and evaluation of population
status. In previous studies, researchers explain the correlation or causal relationships between a class of
impact factors of stand productivity and stand productivity itself. For example, an appropriate increase
in CO2 concentration can enhance forest productivity [53], and forest productivity will improve with
an increase in species richness [54]. Our study showed that productivity is mainly directly affected
by the stability of the population and indirectly affected by site conditions and population structure.
Among the observed variables related to population productivity, the annual average productivity
had the largest influence coefficient, which indicates that the annual average productivity in pure
plantations can best explain the population productivity. Density was found to be the main factor
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affecting stability, which is similar to the conclusions of Watt et al., before a plantation is established,
the initial stand density should be reasonably set, which can improve climate resilience by reducing
tree competition, thereby improving overall productivity [26]. The density of Chinese pine plantations
in the study area is moderate, the distribution of resources among trees is relatively even, the mortality
and regeneration rates of the trees do not substantially differ, and the population is in a stable growth
state overall, resulting in a positive impact on productivity.

4.2. Indirect Effect of Site Conditions on Population Productivity

Site conditions have an important impact on the growth and development of populations, affecting
population stability and productivity on the basis of their respective influencing mechanisms. Different
site environments may cause individual differences in forests [55]. Our results showed that the latent
variables related to site conditions directly influence the latent variables associated with population
stability and structure and indirectly impact the latent variables related to population productivity.
This indicates that the site environment and productivity of the Chinese pine plantation population in
our study showed no direct relationship.

Among the latent variables related to site conditions, soil water content (SWC) contributes the
most, followed by the slope (SLO). This result may have occurred because the study area is located
in the semi-humid and semi-arid temperate zone, SWC is regarded as a key impactor of stand
productivity [43,56,57]. In addition, the difference of SWC may stem from the slope aspect [58,59],
which is proved in many studies that slope aspect is significant for forest productivity [60–62]. On the
other hand, SLO is related closely to the distribution pattern of forest trees [57], which have an impact
on the uniform angle index (W) and the spatial competition index (SCI), and thus site conditions have
a direct impact on the population structure and population stability of Chinese pines and indirectly
affect population productivity.

Common soil parameters cannot be considered individually to explain population productivity [63].
Our results show that soil organic phosphorus (TP) and soil organic nitrogen (TN) contribute less.
Although P and N are important elements for plant growth, the nutrient content in the soil is not
equal to the amount of active nutrients that can be absorbed. S. Braun et al. performed a comparative
experiment by increasing the N content in the soil, and the results showed that this increase did not
cause significant plant growth changes, which is related to whether the soil is saturated with N and
other nutrients [64].

Species diversity directly influences the productivity of forest stands [65], and soil properties
(site conditions) represent direct factors affecting species diversity. We speculate that soil nutrients
improve the diversity of shrubs in the lower layer of the Chinese pine plantation population, which has a
potential positive impact on population productivity [40]. In practice, the stability of the population can
be enhanced by improving the site conditions, thereby increasing the overall population productivity.
When performing artificial afforestation, it is crucial to identify the ideal location and trees species and
artificially improve the target environment.

4.3. Population Productivity and Stability are Differently Affected by Forest Structure

Our results showed that the forest stand canopy density contributes the most to the population
structure, reflects the forest stand density, and is a manifestation of the density. Studies have found
that heterogeneity in tree size greatly affects forest structure, thereby affecting forest productivity [66],
which is inconsistent with our results. Because the Chinese pine plantations we studied are of the same
age, the difference in DBH is small, and the tree size heterogeneity is low, and thus the results do not
show the effect of DBH on forest structure.

The spatial structure of forests also affects population stability and productivity, and our result
showed that the observed variable W had the largest contribution in the spatial structure (Figure 3),
which indicates that the spatial distribution pattern of forests directly or indirectly affects population
stability and productivity. Particularly, the results we obtained by calculating W (Table S1) showed
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that the 57 plots in the study area are in a transitional state from a uniform distribution to a random
distribution, which has a great impact on population stability and productivity. This result agreed
with previous reported by Hui et al. [67]. The random distribution of forest trees is regarded as the
most beneficial to their growth and development [37]. Therefore, the weight of U is lower than that
of W, which indicates that the contribution of random distribution of forest trees (W) is greater than
differences in breast diameter size (U). This is because the studied plantations are of the same age
within a certain plot, the DBH of the trees does not differ much in a single plot, and the distribution of
the trees is relatively random, thus showing that the contribution of random distribution of forest trees
(W) is greater than differences in breast diameter size (U).

We found that the weight of the spatial competition index (SCI) in the study area is low, indicating
that competition for space occurs in the study area. Since the study area is covered by pure plantation
forest, there are few other tree species, essentially resulting in intraspecific competition. Many factors
affect competition among forest trees, such as stand density and stand age [27], the forest environment,
and the leaf area index [68]. Competition between trees could affect the biomass of forests [69] and
ultimately affect the overall productivity. Competition is one of the important factors leading to
trees death, thereby impacting population stability and productivity [70,71]. Considering that the
study area is covered by pure forest of the same age, the differences in DBH are small, and the use of
environmental resources among individual trees is relatively even. However, due to site conditions
such as slope, the spatial structure of the forest will vary, showing that competition for space has little
effect on population stability and productivity.

From the perspective of latent variables, population stability is directly affected by forest structure,
while population productivity is indirectly affected by this variable, which may be caused by the
unreasonable structure of the plantation in the study area. Previous studies have shown that both
stability and productivity are directly affected by population structure. For example, the optimization
of population structure can significantly improve the stability of forest populations [72], and a
reasonable population structure can improve the overall productivity of populations by promoting
the complementary use of resources among species [73]. Heterogeneity in population structure
also has a positive impact on productivity, improving the tree diversity–structure–productivity
relationship [74,75]. The forest structure has a direct and strong influence on population stability,
and it is reasonable and necessary to adjust structural factors to improve plantation management
and regulation. In production practice, especially during the tending process of the study area,
forestry workers should optimize the stand spatial structure according to the principle of structure
determining function, pay attention to improving the stand spatial structure, enhance the stability of
the population, and increase the productive. Productivity can also affect the composition and stability
of species within a population [13]. Since this study regards population productivity as the final result,
how productivity can regulate stability requires further attention in the future.

5. Conclusions

In this study, we used PLS-SEM to quantify the impacts of the selected influencing factors on
variables potentially affecting population productivity in Chinese pine plantations.

Site conditions affect population stability and indirectly affect population productivity. Crown
density, a non-spatial-structure-related variable, is the most important factor affecting population
productivity in Chinese pine plantations. The uniform angle index and dominance, which are variables
associated with spatial structure, also affect population productivity, but the contribution of competition
for space is small. We speculate that the mechanisms of the impacts of site condition-related latent
variables on population productivity-related latent variables are expressed as a latent variable that
affects population productivity by affecting species diversity in forest communities. These influencing
mechanisms can help researchers understand the internal relationships affecting the productivity of
Chinese pine populations and develop corresponding strategies for the future management of Chinese
pine plantations.
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