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in many temperate regions in the future. Our research objective is to reveal the characteristics of
soil nutrients and biomass of forests in Northeast China with climate change. The purpose of this
study was to determine the soil physical and chemical properties of mature broad-leaved forest in
the cold temperate zone of Mt. Changbai, Jilin Province, by measuring pH, NH* *, organic matter
(%), C/N, available phosphorus, alkali-hydrolysable N, rapidly available K, and Cr etc., analysing
species diversity characteristics, and estimating aboveground biomass (AGB) of tree species with
machine learning models. The results showed that with the increase of soil depth, the soil physical and
chemical parameters have a decreasing trend; with the increase of soil depth, the soil nutrient content
decreased; the main tree species were the Acer barbinerve (6937), Carpinus cordata Bl. (6682) and
Acer mandshuricum Maxim. (5447) etc. The total difference (SOR) showed a similar trend in the four
directions and central point; the reference sample size at central point, north, west, south and east
direction was 903, 954, 971, 1005 and 1016, respectively; GRNN model was the relatively best model
among these models for modelling the aboveground biomass of the trees. Therefore, the diversity of
tree species in north-eastern forests was affected by soil nutrients, climate change also has a significant
impact on the aboveground biomass of northeast forests, which provides a theoretical basis for the

management of northeast forests about soil physical and chemical properties and species diversity.

INTRODUCTION

Global climate change influences the distribution (Wang
et al. 2017) and structure of forests (Pefiuelas et al. 2016),
the stability and balance of ecosystems (Hautier et al. 2015,
Kilpeldinen et al. 2017), ecosystem restoration (Deng et al.
2017a, Deng et al. 2017b), the functional composition of
trees, and biological accumulation in forests through changes
in biodiversity (Van der Sande et al. 2017). The tree mortality
induced by global drought and warming reveals the damage
to forests caused by climate change (Kennedy et al. 2018).
Forest biomass was identified as an important variable by the
global climate observing system (GCOS) (Fu et al. 2017) to
improve our knowledge of the forest ecosystems (Le Toan
etal. 2011). Information about the impact of climate on soil
physical and chemical properties can provide valuable in-
sights to promote the natural regeneration of forests, respond
to sustainability, and adapt to climate change (Kennedy et
al. 2018). Therefore, understanding how the characteristic

of soil physical and chemical properties of the forest has
become particularly important.

The researchers have determined that soil nutrients play
an important role in the soil fertility and environmental con-
dition of plant growth and development (Delgado-Baquerizo
etal. 2013, Camenzind et al. 2018). While, seed germination,
seedling establishment, growth and reproduction during tree
recruitment (Kulmatiski et al. 2008, Collin et al. 2018, Wang
et al. 2018), the composition, development, spatial patterns,
and geographical distribution of species (Schulz & Glaser
2012, Lu et al. 2017), community biomass and succession,
and ecosystem stability are mainly affected by soil nutrients
(Andrew et al. 2014, Laliberté et al. 2017). Also, increasing
soil nutrient content will increase tree species richness (De
Deyn et al. 2004, Cline et al. 2018). Most researches of soil
nutrition have focused on the effects of alkaline nitrogen,
available phosphorus, available potassium, and water content
on plant growth and distribution (Mackay et al. 2017, Netzer
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et al. 2017). They have determined that soil nutrient availa-
bility of nitrogen, phosphorus, and potassium strongly affect
the ecosystem community structure (Sardans et al. 2017,
Waldrop et al. 2017). Soil pH value, soluble ion, calcium
carbonate content (Carter 1987), different condition of KNO4
or NH,NOj; and soil water content have an impact on ger-
mination characteristics, leaf development, photosynthetic
pigment content, and seedling photosynthetic efficiency. All
of them have a significant correlation with species diversity
of the forest (Lal et al. 2017).

Transpiration and reduced rainfall caused by global
warming may threaten the vitality of trees, soil nutrient,
species diversity and forest biomass. Process-based models
have been used to simulate the impacts of climate change on
forest biomass (Yousefpour et al. 2018, Kang et al. 2017).
However, all of these studies only have different plant char-
acteristics in different climatic regions or populations of a
certain place. Although the model method has been devel-
oped and created with some new ideas, it is still relatively
traditional as a whole (Stegen et al. 2011, Aherne et al. 2012).
Besides, climate change is very complex. It is particularly
important to explore a fast and efficient model for estimating
and predicting precise biomass.

The use of ML models in agricultural industry and forest-
ry has become more popular in classification and discrim-
ination is one of the most important challenges in solving
specific non-linear problems in dynamic change systems in
the process of model prediction (Soares & Araujo 2016).
Artificial neural network (ANN) and support vector ma-
chine (SVM) can solve this problem and have been widely
used (Ottoy et al. 2017), which can represent the potential
organic matter and complex process of climate affecting
forest biomass. With the rapid development of machine
learning, many advanced data processing technologies
have included the combination method of data processing
(GMDH), generalized regression neural network (GRNN),
adaptive neuro-fuzzy inference system (ANFIS) (Dou &
Yang 2017). These methods have been used to identify
shell-free rice fungal populations (Chang et al. 2017),
predict and map soil organic carbon stocks in landscapes
(Were et al. 2015), and accurately predict biomass heating
values (Akkaya 2016).

In this study, we used forest tree species data from per-
manent sample plots to study soil nutrient characteristics
and species diversity characteristics and used machine
learning-based data processing technology to estimate
biomass of trees from forest comprehensive survey data to
assess tree species response to climate and soil properties.
Specifically, we ask the following questions: (1) what was
the soil nutrient characteristics of Mt. Changbai? (2) what
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was the tree species diversity characteristics? (3) how was
the relationship between climate factors and forest biomass?

MATERIALS AND METHODS
Learning Area

The study was conducted in Northeast China along a lat-
itudinal gradient from 42.35° N to 43.57°N. The annual
mean temperature in this region ranges between —2.1°C
and 2.6°C, and the annual precipitation is between 510
mm and 810 mm. The broad-leaved Korean pine forest, a
climax forest of the temperate zone, is characterized by the
complex structure and abundant biodiversity. The study sites
covered most of the latitudinal range of the broad-leaved
Korean pine forest. The plot was near a mature broad-leaved
Korean pine forest located in the cold temperate zone of
Mt. Changbai, Jilin Province (Fig. 1). The broad-leaved
Korean pine forest zone in Mt. Changbai is a typical zonal
forest with the greatest number of animal and plant spe-
cies and the most abundant vegetation on this mountain.
It mainly grows at an altitude of 720-1100 m in the areas
with a mild climate, heavy rainfall, and dark-brown forest
soil. The main tree species include Abiesholophylla, Bet-
ulaplatyphylla, Carpinuscordata, Fraxinusmandshurica,
Maackiaamurensis, Pinuskoraiensis, Populusussuriensis,
Quercusmongolica, Tiliaamurensis, Ulmus japonica, and
Ulmuslaciniata (Hu et al. 2014).

MATERIALS AND METHODS

Sampling plot setting: At the study sites described above,
fixed sampling plots of 40 km? in size were established in
2015. Both the plots were composed of Pinus koraiensis and
broad-leaved species such as Acer spp., Fraxinus mandschu-
rica, and Tilia spp. They were divided into 1050 continuous
sampling plots of 20 m x 20 m in size, and each of them was
further divided into 5 sub-sampling plots of 5 m x 5 m in
size in the east, south, west, north direction, and central point
of the plot. In each plot, the name of an individual species,
diameter at breast height (DBH), tree height, under-branch
height, and crown width (east-west crown length, north-
south crown length) were identified, measured and mapped
for each plant with DBH > 1 cm. The overview of sampling
plots is given in Table 1.

Soil data survey: Soil samples at three depths (0-10, 11-20,
and 21-30 cm) were randomly collected from three random
points using a stainless steel auger at each site. The soil was
weighed to 200 g and returned to the laboratory before re-
moving the residual artefacts. The samples were stored under
dry, well-ventilated conditions to allow them to dry naturally
before they were sieved through a 200-micron mesh, and then
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Fig. 1: The sampling plots of the mature broad-leaved forest of Changbai Mountain in Jilin Province.

they were sent to the laboratory for physical and chemical
analysis (Pingree & DeLuca 2018 ).

Climate data: Climate data in tropical China was obtained
from the China Meteorological Data Network http://data.
cma.cn/data/index/0b9164954813c573.html of the Meteoro-
logical Data Center of China Meteorological Administration.
Influenced by global climate change, extreme weather (ty-
phoons, tsunami natural disasters) is entering in a more fre-
quent and more normalized trend, which is prone to extreme
temperatures and sudden changes in rainfall. Therefore,
five bioclimatic variables, average maximum temperature,
average minimum temperature, average temperature, relative
humidity and precipitation were chosen as independent var-
iables to analyse the changes of biomass (Petus et al. 2018).

Biomass data: In this study, the diameter at breast height
(DBH), height (H) and crown width of trees were investi-
gated. One standard tree was selected from each plot for
biomass determination. We cut down the tree and measured
the fresh weights of the stems, branches, leaves and fruits
to determine the water content in the field. The samples
were brought to the laboratory and oven-dried at 75°C to
a constant weight. The biomass of stems, branches, leaves
and fruits was calculated using the dry weight to fresh

Table 1: A summary of permanent forest plots in Mt.Changbai.

weight ratio, and the aboveground biomass (AGB) of the
tree was obtained by summing all biomass values (Fu et al.
2017). The integral biomass dataset was randomly divided
into three groups: training, validation and testing datasets.
After several calculations, we found that 735 (70% of 1050
samples) trees for model training, 157 (15%) trees for model
validation, and 157 (15%) trees for model testing produced
the best results.

Models applications: Using climate variables estimate AGB
of trees through machine learning modelling. In this study,
the five machine learning algorithms include artificial neural
network (ANN), support vector machine (SVM), generalized
regression neural network (GRNN), adaptive neuro-fuzzy
inference system (ANFIS) and the combination method of
data processing (GMDH) (Dou & Yang 2017).

Data Analysis

Beta diversity analysis: Beta diversity measures changes
in species composition between locations or communities
(Baselga & Orme 2012). Baselga (2012) developed a unified
framework for assessing beta diversity that uses the Sgrensen
or Jaccard indices and their turnover and nesting components
to calculate the total differences. We use the Sgrensen index:

Forest type Average elevation

(m)

Total basal area
(m* km?)

Dominant species Primary vegetation

Primary Pinuskoraiensis-Tiliaamurensis 779 25.36

mixed forests

Broad-leaved Pinuskoraiensis
forests

Pinuskoraiensis
Fraxinusmandshurica
Tiliaamurensis
Quercusmongolica
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Where, B3, is the Sgrensen dissimilarity, f3;,, is the Simp-
son dissimilarity, f3,; . is the nestedness or richness difference,
a is the number of species shared between two cells, b is the
number of unique species at the poorest sites, and c is the
number of unique species at the richest site.

Rarefaction and extrapolation curves with Hill numbers:
Rarefaction and the extrapolation of Hill numbers are used
for sampling and estimation in species diversity studies (Chao
et al. 2014a). This criterion quantifies and assesses changes
in biodiversity, allowing for the differential weighting of rare
and abundant species, which is similar to a diversity index,
but its meaning is easier to understand. Chao et al. (2014b)
applied a uniform approach to sample and individual-based
data to estimate the first three Hill numbers for characterizing
the diversity of a species assemblage: species richness (q =
0), Shannon entropy index (Shannon diversity, q = 1) and
the anti-Simpson concentration (Simpson diversity, q = 2).
These proposed estimators are accurate for both sparse and
short-range extrapolation.

Sparse and extrapolated curves and Hill numbers were
used to compare the plant diversity patterns (Chao et al.
2014a). We estimated plant diversity (species richness and
Shannon and Simpson diversity) as the mean of 200 replicates
with a 95% confidence interval (Chao et al. 2014b).

Univariate analysis of variance (ANOVA) was used to
test significant differences in soil physical and chemical pa-
rameters at different position points. All statistical analyses
were implemented using R version 3.5.1 (R Development
Core Team 2017) and GS+7.0. Beta diversity was analysed
by betapart package, and sparse and extrapolated curves
were compiled by iNEXT package. Draw numbers and
process data using ggplot2 packages (R Development Core
Team, 2017).

Data for Model Training and Validation

The input variables for all models are climate variables and
diameter at breast-high. The five different ML modelling
techniques presented in the previous section have been de-
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veloped and compared. To achieve accurate and reasonable
comparisons of different AGB estimates, all AGB values of
trees were modelled using the same input variables (average
minimum temperature, average maximum temperature, aver-
age temperature, average relative humidity, precipitation) and
prediction methods. These input variables and corresponding
output variables are normalized to a range between 0 and 1
before training each application model. The toolboxes in
the MATLAB software (version 8.2, The MathWorks, Inc.,
Natick, MA, USA), including the Neural Network Toolbox
8.1 and the Fuzzy Logic Toolbox 2.2.18, were utilized for
all models (Li et al. 2014).

Model Evaluation

The data processing performance of the developed model
was evaluated based on several statistical data indices, in-
cluding the coefficient of determination (R?), Nash-Sutcliffe
efficiency (Eyg), root mean squared error (RMSE), and mean
absolute error (MAE) (Fu et al. 2017). The above statistical
indicators are described as follows:

= 12

S, -T)(n. )

R’ = l ..(6)

2 2

> (v %) X% ~T)

i=1 i=

RMSE:\/i(Ya,C—Yb,C)Z/N (D)
i=1

N N
Eys :1_2( Z(Y;L _Yb)2 ®)
i=l i=1

MAE = ! ...(9)

Y=Y

b,c

Where, Y, and Y, denote the observed and modelled
values, respectively; ?a and f/b are the means of the observed

and modelled values, respectively; and N is the number of
observed values.

RESULTS
Physical and Chemical Properties of Soil

The physical and chemical parameters of soils at Mt.
Changbai are different in different soil depths (Table 2).
Soil physical and chemical parameters show a decreasing
trend with the increase of soil depth. The content of 0-10
cm soil depth was the highest, and 21-30 cm soil depth
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was the lowest in the three types of soil depth. The change
ranges of pH value were relatively smaller than that of
other indicators with the increase of the soil depth, the soil
of Mt. Changbai was acidic and neutral in general. The
content of NH** ranged from 0.4 to 0.08. The highest C/N
ratio was 13.6. The content of available phosphorus was
almost 10 mg kg™ in the 0-10 cm soil layer, and that of the
alkali-hydrolysable N was almost 5 mg kg™ in the 21-30
cm soil layer, the rapidly available K was only 2.5 mg kg!
in the 0-10 cm soil layer.

Soil Nutrient Content

Soil nutrients also vary significantly with different locations
and soil depths (Table 3). Soil nutrient content decreases as
soil depth increases. In the 0-10 cm soil layer of Mt. Chang-
bai, the contents of Cr, Mn, Co, Ni, Cu, Zn and Pb are 45.710,
746, 12.612,26.531, 13.452, 130.638, 28.711, respectively,
while the content of that was decreased sharply in 11-20 cm
and the 21-30 cm soil layer.

Species Composition of the Trees

We identified 48 species of trees in the 49684 trees, belonging
to 32 genera and 20 families in the Mt. Changbai. Among
them, the number of the Acer barbinerve (6937), Carpinus
cordata Bl. (6682), Acer mandshuricum Maxim. (5447),
Corylus mandshurica Maxim. (5387), Acer mono Maxim.
(4113), Syringa reticulata (Blume) H. Hara var. amurensis
(Rupr.) J. S. Pringle (3026), Ulmus laciniata (Trautv.) Mayr.
(2813), Acer ukurunduense Trautv. et Mey. (2058), Tilia
amurensis Rupr. (1963), Acer tegmentosum Maxim. (1818),
Pinus koraiensis Sieb. et Zucc. (1339), and Sorbus alnifolia

485

(Sieb. et Zucc.) K. Koch (1065) was exceeded 1000 (Fig. 2).
The 13 species, such as Padus racemosa (Linn.) Gilib., Jug-
lans mandshurica, and Quercus mongolica Fisch. ex Ledeb,
were more than 100 but less than 1000. The 23 species, such
as Betula platyphylla Suk. and Fraxinus rhynchophylla
Hance were less than 100.

Changes in the species composition of Mt. Changbai
was estimated by beta diversity analysis (Fig. 3). The total
difference (SOR) showed a similar trend in the four direc-
tions and central point: the greatest difference was the north
direction, but with similar values at south direction and west
direction, and the lowest difference was on the east direction.
The turnover difference (SIM) showed a little different from
the SOR in the four directions and central point: the lowest
differences were in the south direction. The nesting differ-
ence (SNE) was significantly different in the east direction,
with the central point being the largest followed by the south
direction and the west direction, which were in the middle,
and the north direction, which was the smallest.

Diversity Pattern of the Trees

The results showed that the reference sample size (i.e., the
number of individual plants) at the central point, north, west,
south and east direction was 903, 954, 971, 1005 and 1016,
respectively, with Hill numbers q = 0, 1 and 2 curves (Fig.
4). The sample size was close to the complete recovery phase
with a base coverage rate of 1.0. The reference sample size
was extrapolated to 1746. The corresponding observed spe-
cies richness (q = 0), Shannon diversity (q = 1) and Simpson
diversity (q = 2) showed a consistent trend: gradually in-
creased at the west and south directions but remaining stable

Table 2: Soil physical and chemical parameters (mean + standard error) for each experimental site.

Forest layer pH NH* Organic matter NO* C/N  Available phos- Alkali-hydro- Rapidly available
type (%) phorus (mg kg!) lysable N (mg K (mgkg™)
ke
Changbai 0-10cm  6.08+0.57a  0.371+0.121a 2.471+0.231a  25.301+2.748b 13.6b 10.514+2.215b  92.813+19.824a 56.763+11.434b
Mountin || Joem 5.62:0.46b  0.107£0.083b 1057£0.115b  12.745£1.115b 10.4b 24510.9680  17.836:8.610b 9.632:2.618b
21-30cm  5.53+0.12bc  0.084+0.021bc  0.685+0.057c ~ 7.163+0.476bc 9.7  1.424+0.043bc ~ 5.725%£3.764c  2.451+0.068bc
Note: the compartments with different letters represent the statistical differences of each parameter.
Table 3: Soil nutrient concentration (mg g™ dry soil) at each experimental site (mean * standard error).
Forest type ~ Layer Cr(mgg™) Mn (mgg™)  Co(mgg™) Ni (mg g™ Cu (mgg™) Zn (mg g™ Pb (mg g™")
Changbai  0-10cm 45.710a 746a 12.612a 26.531a 13.452a 130.638b 28.711a
Mountain 4 s0em  19.235b 324b 3.752b 11.673b 5.632b 86.452b 17.134b
21-30cm 6.107b 105bc 1.146bc 4.650c 2.187c 24.951c 4.135¢

Note: Compartments with different letters indicate statistical differences in each soil nutrient.

Nature Environment and Pollution Technology ® Vol. 19, No. 2, 2020
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Fig. 2: Summary of species composition of forest trees in study sites.

Note: BH: Betula platyphylla Suk.; BNQ: Acer mandshuricum Maxim.; BMDX: Syringa reticulata (Blume) H. Hara var. amurensis (Rupr.) J. S. Pringle;
CXL: Salix koreensis Anderss.; CWM: Euonymus phellomana Loes.; CL: Padus racemosa (Linn.) Gilib.; CS: Abies nephrolepis (Trautv.ex Maxim)
Mazim.; CY: Ulmus pumila 1.; CWI: Acanthopanax senticosus (Rupr. Maxim.) Harms; CMQ: Acer barbinerve; DGY: Ulmus macrocarpa Hance;
DBSMH: Philadelphus schrenkii Rupr.; DBSL: Rhamnus schneideri Levl.; DBSS: Deutzia parviflora Bge. var. amurensis Regel; FH: Betula costata
Trautv.; HH: Betula davurica Pall.; HYT: Cerasus maximowiczii (Rupr.) Kom.; HS: Pinus koraiensis Sieb. et Zucc.; HTQ: Juglans mandshurica; HKQ:
Acer ukurunduense Trautv. et Mey.; HQ: Sorbus pohuashanensis; HQL: Fraxinus rhynchophylla Hance; HH1: Maackia amurensis Rupr. et Maxim; HB:
Phellodendron amurense Rupr.; HHRD: Lonicera chrysantha Turcz.; JGM: Sambucus williamsii Hance; JYRD: Lonicera maackii (Rupr.) Maxim.; KD:
Tilia mandshurica Rup et Maxim.; LY'Y: Ulmus laciniata (Trautv.) Mayr.; LZMW: Euonymus verrucosus Scop.; LYCM: Aralia elata (Miq.) Seem.; MSZ:
Crataegus maximowiczii Schneid.; MZ: Corylus mandshurica Maxim.; MGL: Quercus mongolica Fisch. ex Ledeb; NJQ: Acer triflorum; QJY: Carpinus
cordata Bl.; QKQ: Acer tegmentosum Maxim.; SMQ: Acer mono Maxim.; SS: Abies holophylla Maxim; SDZ: Malus baccata (L.) Borkh.; SPT: Vitis
amurensis Rupr.; SY: Populus davidiana Dode; SL: Rhamnus davurica Pall.; SQL: Fraxinus mandshurica Rupr.; SYHQ: Sorbus alnifolia (Sieb. et Zucc.)
K. Koch; XY: Populus koreana Rehd.; CBRD: Lonicera ruprechtiana Regel; ZD: Tilia amurensis Rupr.; a: amount of species less than 100; b: number
of species more than 100 but less than 1000, c: the number of species more than 1000.
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Fig. 3: The beta diversity analysis of the density of the difference in species composition of trees on the forest in study sites.

Note: total dissimilarity (SOR) is divided into conversion difference (SIM) and nesting (SNE) components. Density estimation is performed by using a
kernel smoothing method.
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at the central point, diversity peaks at the east direction, and
then decreased at the north direction.

Modelling Aboveground Biomass

Performance metrics, including Rz, Ey\g, RMSE and MAE,
were used to evaluate the application model in predicting
AGB efficiency. The larger the R* and Eyg values and the
smaller RMSE and MAE values, the higher the model ef-
ficiency. The results of the estimation were used to predict

60' P

40-

Species diversity
=

(]

Number of individual
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the training of five data processing methods (ANN, GRNN,
ANFIS, SVM and GMDH). The validation and testing times
were summarized in Table 4. The table shows the R? and
Eys size order of model calculation results during training:
ANFIS> GRNN> SVM> ANN> GMDH, RMSE and MAE
values were in the same order as R” and Eys; and verification
and testing (The R” and Eyg order of the model calculation
results in the process of validation and testing: GRNN>
SVM> ANN> ANFIS> GMDH, RMSE and MAE were in

0 500 10001500 0.000.250.500.751.00

Sample coverage

Position of sites

Fig. 4: Individual- and coverage-based rarefaction and extrapolation curves, based on the Hill numbers (q = 0, 1, 2) for the vegetation on Changbai
Mountain, Jilin province of China.

Note: the 95% confidence intervals (shaded area) were obtained by bootstrapping (200 copies). Reference samples are denoted by solid dots; the numbers
in parentheses are the respective sample size and observed Hill number of each reference sample. In this study, we used the first three Hill numbers to
characterize the diversity of a species assemblage based on the individual-based data: species richness (q = 0), the exponential of the Shannon entropy
(Shannon diversity, q = 1), and the inverse Simpson concentration (Simpson diversity, q = 2). The proposed estimators are accurate for both rarefaction
(solid line) and short-range extrapolation (dashed line, up to double the reference sample size).

Nature Environment and Pollution Technology ® Vol. 19, No. 2, 2020
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the same order as R* and Eng)-

The AGB using the data model to compare measurements
and predictions is shown in Fig. 5 as a scatter plot during the
testing. As shown in Fig. 5, the fitted line of GRNN model
(slope =0.937) and SVM model (slope = 0.931) was closer
to the ideal line (1:1 line). For the GMDH model, the fitted
line (slope = 0.862) was more inconsistent with the ideal-fit
line than the other models (ANN model (slope = 0.919),
ANFIS model (slope = 0.902)). Besides, none of the esti-
mated values of the GMDH model matches the minimum
value around the corresponding observations. Although the
applied models have significant AGB prediction performance
differences (Table 4), these models provide a similar overall
dispersion estimate (Fig. 5). Therefore, the GRNN model was
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the relatively best model among these models for modelling
the AGB of the trees.

DISCUSSION

Soil texture has many effects on forest tree species. Our study
shows that there are significant differences in soil physical
and chemical properties between different geographical
locations and soil depths. This is similar to previous studies
by experts. Different authors have demonstrated that soil
nutrients are the main factors affecting the composition and
structure of forest communities (Valentin-Vargas et al. 2014).
Besides, soil texture and topographic factors may change
solar incidence angle, slope change, soil organic carbon
content, temperature and humidity conditions (Brabcova et

6001 (a) ANFIS o
450
300
1501 4
5 of
=
g 16001 (c) ANN 20001 (q) svm
& 1600
2 1200 e
e 1200
& 800 W
> £o > 800
= 0084
3 400) 400
R
= % 800 1600 2400
Measured AGB of trees (kg)
0 ' ' T
0 800 1600 2400

Measured AGB of trees (kg)

Fig. 5: The AGB measured and predicted by models for the testing period.

Note: (a) ANFIS model; (b) GMDH model; (c) ANN model; (d) SVM model; and (¢) GRNN model. AGB is above-ground biomass of trees; ANFIS
refer to adaptive neuro-fuzzy inference systems; GMDH refers to group method of data handling; ANN refers to artificial neural network; SVM refers to
support vector machine; GRNN refers to generalized regression neural networks.
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Table 4: Comparisons of models for AGB for the training, validation and testing periods.
Model Training Validation Testing
R’ Exs RMSE MAE R’ Exs RMSE  MAE R’ Exs RMSE  MAE

GMDH  0.8909  0.7912 09917  0.6733  0.8142 0.6612 0.9990 0.9564 0.8087 0.6661 0.9293  0.8553
GRNN 09273  0.8776  0.6361  0.4022  0.8748 0.7684 0.7512 0.4661 0.8792 0.7858 0.6727  0.4199
ANFIS 09331  0.8820  0.5484  0.3580  0.8478 0.7574 0.9130 0.9017 0.8528 0.7720 0.8066  0.7516
SVM 09150  0.8773  0.8277 0.4956  0.8747 0.7676 0.9039 0.6198 0.8765 0.7774 0.7742  0.5387
ANN 0.8993  0.8674 09127  0.6655  0.8735 0.7656 0.9086 0.8295 0.8757 0.7754 0.7987  0.7217

Note: GMDH refer to group method of data handling; GRNN refer to generalized regression neural networks; ANFIS refer to adaptive neuro-fuzzy
inference systems; SVM refer to support vector machine; ANN refer to artificial neural network; R? is coefficient of determination; Eyg is nash-sutcliffe

efficiency; RMSE is mean squared error; MAE is mean absolute error.

al. 2018). The advanced succession of plant communities
can significantly change soil water content, soil compact-
ness, improve soil aeration and water holding capacity, and
promote the development of soil fertility. The improvement
of soil physical properties is also conducive to the process
of community species replacement and succession. Soil
properties of successive communities were influenced by
slope and parent material of sample plots (Zhang et al. 1997).
The composition of tree species was also affected by soil
properties, such as the C/N ratio, soil organic carbon (Jiang
2016). Different tree species have different soil quality (Yang
et al. 2008). The longer the forest age, the higher the soil
water content. It shows that tree species are the main factors
affecting soil quality. Tree species significantly improve the
soil total nitrogen and soil organic matter content (Jiang
2016). Soil texture of parent rock materials and topography
is almost the same in each sample plot in the study area, and
the differences related to soil properties may be related to
the characteristics of vegetation on the ground.

The trend of soil nutrient storage is obvious, and a large
quantity of soil nutrients are stored in the surface layer (0-10
cm). Also, there was no significant difference in soil nutrient
status between Mt. Changbai, and there was no significant
correlation between soil organic matter and nutrients. This
result is similar to previous studies, in which different soil
nutrient concentrations decrease with increasing soil depth
(Berger et al. 2015). In addition, the accumulation of NH4+,
soil organic matter, NO3_, C/N, available phosphorus and
Cr, Mn, Co, Ni, Cu, Zn, Pb were significantly different in
different soil depths. The nutrient accumulation in the sur-
face soil layer led to the increase of primary productivity of
community plants, while the nutrient in the lower soil layer
was significantly less. Vegetation, defoliation, wood debris
and dead roots are closely related to soil microorganisms
and organic matter.

Due to the low level of soil nutrients and the decline

of plant species diversity (Deng et al. 2018), soil nutrient
dynamics should be taken into account in any study on the
changes of plant species diversity after regional vegetation
restoration. Previous studies have shown that changes in
species diversity and spatial distribution of most tree species
after vegetation restoration are closely related to combina-
tions of multiple factors, including soil nutrients (Pingree
& DeLuca 2018). Also, the ratio of soil nutrient supply is a
factor that determines the change of plant species diversity in
forest communities (Deng et al. 2018). However, functional
diversity of nutrient strategies may lead to higher plant
species diversity in barren soils (Pingree & DeLuca 2018).
Species distribution of tree communities can respond to
individual soil nutrients and seasonal drought (Deng et al.
2018). Soil nutrients also play an important role in the nu-
trient cycle of forest ecosystems and have a great impact on
plant species, age and density. The response of soil nutrients
to vegetation activities mainly depends on vegetation types,
species diversity and restoration activities (Ye et al. 2019).
Therefore, soil nutrient supply has an important impact on
some important aspects of plant community structure, and
soil nutrient has an important impact on plant diversity.

The effects of species diversity on productivity are af-
fected by factors such as resource supply rate (Wang et al.
2008). Total biomass and species richness were negatively
correlated. Diversity tended to increase with the increase
of soil nutrients (Wang et al. 2008). The topsoil nutrient
content of the community was higher than that of deep soil,
and the Simpson diversity index of community species was
only related to soil potassium (Tan et al. 2017). Therefore,
there was a significant correlation between soil nutrients
and richness index and diversity index in species diversity.

The results showed that the variables related to tempera-
ture, humidity, and precipitation are of great significance in
explaining the changes in AGB. Increasing temperatures and
new patterns of precipitation due to climate change result in
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changes in the morphology, physiology, growth, reproduc-
tion, and biology of trees, all of which affect AGB (Stegen et
al. 2011). In addition, enhancing the use efficiency of water
and light resources could increase forest productivity (Van
der Sande et al. 2017). Additionally, water deficiency has
the most severe effect on the process of biomass formation
(Van der Sande et al. 2017). Climate change is leading to
increasing global temperatures and droughts in many areas,
which have changed the nutrients in vegetation, AGB and
belowground biomass (Pefiuelas et al. 2016). Rainfall is high-
ly correlated with the increase in tree stem diameter, which
affects the accumulation of AGB, while rainfall together
with temperature affects the AGB (Ogaya & Pefiuelas 2007).

The AGB values of trees were estimated by the model,
which showed that the average value for trees was 90%
(Table 4). Therefore, these ML techniques are capable of
describing the relationships between climate change and the
AGB of trees. These results are similar to previous studies
that found that ML-based data processing techniques are
effective at modelling and predicting forest biomass (Were et
al. 2015, Akkaya 2016). The best model was the ANN, which
predicted the AGB with higher accuracy than the allometric
equation. The ANFIS-based model is an effective technique
for obtaining high-precision predictions of biomass with
high heating value (Akkaya 2016). Furthermore, ANN and
ANFIS can be used to establish a dynamic behavioural model
(Were et al. 2015). Additionally, the models we proposed
have achieved higher accuracy in testing compared with the
above results. In summary, our current proposed models have
great potential for estimating AGB. These models can be
considered alternative tools for the traditional AGB models
across regional or global scales for different vegetation types.

According to the performance of the various AGB models
in this study, no model consistently outperformed the others
for all AGB estimates. The GMDH model consistently pro-
duced relatively worse simulation results compared with the
other models. This result may be partly due to the inherent
limitations of the GMDH model, such as the choice of input
parameters, multicollinearity and overfitting (Dou & Yang
2017). In addition, the effects of random errors in AGB ob-
servations on different time scales (e.g., daily, monthly, and
yearly) should be taken into consideration when assessing
the differences in predictions (Dou & Yang 2017). Systematic
errors can also increase the uncertainty of the AGB estimates.
Moreover, AGB is strongly influenced by the complex inter-
actions between photosynthesis and photosynthetic efficiency
(Huntingford et al. 2008). The selection of effective driving
variables as model inputs could be used to further improve
the predictive power of the model, especially for the AGB,
and this is of significant importance for future work.

Chunyan Wu et al.

CONCLUSION

Our results show that the diversity of tree species in
north-eastern forests is affected by soil nutrients. Also,
climate change has a significant impact on the aboveground
biomass of forests in northeast China. It shows that the high
quality soil in the forest environment is a long-term process.
Besides, it is difficult to interpret the field data of forest soil
nutrient storage, especially when several factors affect the
nutrient cycle. The soil type of Mt. Changbai is dark brown
soil, and the climate type is warm and humid. There is a
certain relationship between soil nutrient level and climatic
conditions: in a hot and humid climate, surface vegetation
is abundant, soil humus sources are more natural and fer-
tile. In low temperature or arid climate, surface vegetation
is difficult to grow, and soil humus sources are less natural
than soil nutrients.
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