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Abstract
Nonpoint source pollution entering rivers will pollute water quality, degrading the
health of aquatic ecosystems. However, owing to the lack of quantitative research on
the effects of nonpoint source pollution on the structure of aquatic food webs, there
is a lack of quantitative basis for river management. Nonpoint source pollution is not
only difficult to control effectively, but also the success rate of water ecological restoration projects is low. With the increasing proportion of nonpoint source pollution in
water environmental problems, it is urgent to quantitatively assess and predict the
impact of nonpoint source pollution on the structure of food webs. Therefore, this
thesis presents a method for quantitatively assessing and predicting the impact of
nonpoint source pollution on the structure of food webs through using fuzzy clustering to screen the typical points of the impact of nonpoint source pollution, then using
canonical correspondence analysis (CCA) and partial least squares regression analysis
to comprehensively filtrate the driving factors affect food web that results in nonpoint source pollution, and then determining the impact of each driving factor on the
structure of food webs. Finally, the change trend of food web structure is predicted.
The results show that (1) the driving factors that the nonpoint source pollution that
affects the food web structure is NH3-N and chemical oxygen demand (COD).
The increase in NH3-N and COD promotes the growth of phytoplankton, causing the
change of the primary productivity of the ecosystem, and ultimately changes
the entire food web structure; (2) NH3-N and COD affect the stability, maturity, connectivity and complexity of the aquatic food web structure. The increase of NH3-N
increases the connectivity and maturity of the food web structure but reduces complexity and stability; the increase of COD increases the connection of the food web
structure, while reducing the other three indicators; (3) in some areas with good
water quality, aquatic species diversity is high, the relationship of interspecies dietary
is complex, food web structure level index is high and the structure of food web is
stable. The food web structure in the rainy season will be better than that in the dry
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season. In some areas with severe water pollution and poor food web structure, the
ability of the food web to resist external interference is weak. The food web structure
in the rainy season will be worse than that in the dry season owing to rainfall into the
river. The methods and conclusions in this treatise can provide a reliable and quantitative scientific basis for river ecosystem management and ecosystem restoration and
can improve the success rate of ecological restoration projects.
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I N T RO DU CT I O N

the flow of material and energy, the composition and structure of the
biological communities, and the complex feeding relationship among

Nonpoint source pollution has a great impact on river water quality,

species (Baird & Ulanowicz, 1989; McIntyre, Jones, Flecker, &

which changes the water quality of the river, and has a great impact

Vanni, 2007). It functions as the basis for making ecosystem-based

on ecosystems, leading to a great change in the food web structure of

ecological protection and restoration decisions (Harvey, Gounand,

river aquatic ecosystems (Coll, Schmidt, Romanuk, & Lotze, 2011;

Ward, & Altermatt, 2017; McCann, 2007).

Garay-Narváez, Arim, Fores, & Ramos-jiliberto, 2013; Perkins, Reiss,

According to the First National Survey of Pollution Sources Bulle-

Yvon-Durocher, & Woodward, 2010), and even seriously affected the

tin of China, rural nonpoint source pollution includes approximately half

ecological value provided by the freshwater ecosystem.

of the total water pollution, accounting for 57% of the total N and 67%

Nonpoint sources and point sources of contaminants constitute

of the total P. Nonpoint source pollution has become the principal

most pollution in waters. Point source pollution has been reduced sig-

source for water pollution in China and severely damaged aquatic eco-

nificantly as a result of pollutants source control policies (Zhang, Liu,

systems. It resulted in changes in water quality factors that affect the

Zhang, Dahlgren, & Eitzel, 2010). However, in recent years, with rapid

hierarchy and structure of the ecosystem (Zhao et al., 2018) and the

socio-economic development, environmental conditions are dramati-

integrity of the food web (Carvalho, Williner, Ciri, Vaccari, &

cally changing in many rural regions of developing countries

Collins, 2016), deeply influencing ecosystem functions and services

(Kanagawa & Nakata, 2008; Majumder, 2015), and consequently, non-

(Hemraj, Hossain, Ye, Qin, & Leterme, 2017; Robson et al., 2017). How-

point source inorganic pollutants (e.g., nitrogen [N], phosphorus [P],

ever, there is currently a lack of quantitative research on the impact of

sediments and metals) and organic pollutants (e.g., pesticides and phar-

nonpoint source pollution on the structure of aquatic food webs. With

maceutical residues), human pathogens and estrogenic and androgenic

the increasing proportion of nonpoint source pollution in water envi-

compounds, including those from untreated domestic sewage and agri-

ronmental problems, it is urgent to quantitatively assess and predict the

cultural sources (i.e., agricultural land, manure, animal feedlots and

impact of nonpoint source pollution on the food web structure to

aquaculture), have polluted rivers, lakes and reservoirs (Adindu, 2019;

restrict and reduce the interference of human activities on the ecosys-

du Plessis, 2019) and severely deteriorated the food web and its func-

tem, so as to improve the ecosystem functions and services and provide

tions. The harm of nonpoint source pollution to the water body is the

a reliable scientific basis for river ecosystem management and ecosys-

change of river water quality caused by pollutants entering as the result

tem restoration (Mor et al., 2018; Sabo, Finlay, Kennedy, & Post, 2010).

of rainfall erosion. The main water quality factors include NH3-N, TN,

So the main objective of this study is to quantitatively analyse

TP, chemical oxygen demand (COD), biochemical oxygen demand

and predict the effects of nonpoint source pollution on the structure

(BOD) and total dissolved solids, of which TP, TN, NH3-N and COD are

of aquatic food webs. First of all, the change process of nonpoint

important factors affecting the health of aquatic ecosystems (Kuo

source pollution in rivers with rainfall was studied, and then the struc-

et al., 2016; Song et al., 2012; Zhou et al., 2019).

tural level changes of aquatic food webs in rivers at different periods

In aquatic ecosystems, the food web is a network comprising vari-

were analysed. Finally, the changes in the structure level of aquatic

ous organisms and their nutritional relationships, which is formed via

food webs due to the effects of nonpoint source pollution were

the interactions among communities and species (Post, 2002). It

obtained. It concludes that the study will provide scientific and effec-

describes the complex nutritional interactions of different organisms

tive basis for river ecosystem restoration and management.

in biological communities and reveals the material and energy flow of
the entire ecosystem. A food web is very sensitive to changes in the
biodiversity and the intensity of interactions between organisms in

2
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STUDY AREA

ecosystems (Post & Takimoto, 2007). A food web with a higher level
of complexity indicates that it has greater ecosystem resilience to

In recent years, China proposed the economic development while

external disturbances (Peralta-Maraver, Lopez-Rodriguez, & de

considering the protection of ecosystems to achieve a natural envi-

Figueroa, 2017). Research on this topic makes it easier to insight into

ronment that can sustain economic and social development.
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Therefore, China launched a project for ecologically civilized cities

discharge on the aquatic ecosystem, 48 stations for the hydrology-

used to explore different types of models and experiences for the

water quality-aquatic ecosystem monitoring were set up in the city.

construction of civilized water ecosystems. In 2016, Jinan City
(36.0–37.5 N, 116.2–117.7 E) became a first pilot city in the construction of civilized and freshwater ecological cities of China

3

M A T E R I A L S A N D M ET H O D S

|

(Figure 1). The success of urban aquatic ecosystem restoration will
determine the fundamental improvement of the living environment of

3.1

Data

|

the Chinese people (Zhang, Shao, & Xu, 2010). Hilly areas, piedmont
clinoplain and alluvial plains span the city from north to south. The

3.1.1

|

Water quality factor

altitude within the area ranges from −30 to 937 m ASL, with highly
contrasting relief (Cui, Wang, Tao, & You, 2009; Zhang, Liu,

In the spring, summer and autumn of 2015 and 2016, seven large-

et al., 2010). With rapid industrial development and urbanization in

scale field investigations measured 37 hydrological, water quality

recent decades, the water resources in Jinan have been severely pol-

physical and water quality chemical factors (Table 1) and concurrently

luted and reduced in quantity because of extraction. Consequently,

sampled the principal communities in a food web inclusive of phyto-

human health and well-being, aquatic plants and animals, and the food

plankton, zooplankton, zoobenthos and fish.

webs they form are becoming increasingly threatened (Hong, Meng,

The physical parameters were measured in situ using portable

Wang, Wang, & Liu, 2010). In order to explore the effect of pollution

equipment, and the chemical parameters were obtained by testing

F I G U R E 1 Map of the Jinan City ecological
monitoring stations and typical stations
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water samples in the laboratory within 24 h after they were collected

TABLE 2

at monitoring sites. A spectrophotometer (DR5000) was used to mea-

Station

sure NH3-N, TP, TN and hexavalent chromium; an atomic absorption

Hydrological factors
Date

Monitoring stations

spectrophotometer (Thermo M6) was used to measure copper, zinc,

J1

Flow

5/2015–11/2016

Rainfall

6/2014–9/2018

J14

cadmium, lead and so forth; and an ion chromatograph (DIONEX-600)

J23

was used to measure SO4, fluoride, chloride and nitrate concentra-

J24

tions (Zhao et al., 2015).

J32
J36

3.1.2

|

Rainfall stations

Hydrological factor

JY
JJY

The hydrological data collected are shown in Table 2 based on the

QJZ

flow data obtained from the seven aquatic ecological sampling in

LCQFB

Jinan City and the historical data of daily rainfall during the flood sea-

JNDXDXX

son at nine rainfall stations in Jinan City. Among them, the daily scale

JNSSZ

rainfall data during the flood season are used to predict the nonpoint

QD

source pollution and calculate the concentration of nonpoint source

HJT

pollution into the river based on the measured flow data. The years

JZ

with missing flow data are interpolated according to historical
monitoring data.
Hydrological parameters, such as water depth and flow velocity, were routinely monitored. The flow velocity was measured

3.1.3

|

Aquatic data

using a radio flow meter (Stalker II SVR V1.0) and traditional flow
meter (LS25-1) to ensure accuracy of results. Water depth and

Sampling of phytoplankton, zooplankton, zoobenthos and fish was

river width were measured using a tape gauge, and flow was calcu-

carried out simultaneously with water quality and hydrological factors.

lated from the flow velocity, water depth and cross-sectional area.

For phytoplankton, a 1,000-ml organic glass bottle was used to

An unmanned aerial vehicle was used to retrieve river-course

sample water in the range 0–2 m below water surface. Subsequently,

cross-sections with high-resolution stereoscopic images (Zhao

1.5% concentration Lugol's solution was added to the bottle as quickly

et al., 2017).

as possible. In the laboratory, the sample was first set aside for more

Factors

Name

Units

Range (SD)

Ca

Calcium

mg/L

17.63–315.83 (58.39)

Cl

Chlorine

11.85–786.15 (176.39)

SO4

Sulfate

43.47–932.22 (179.28)

CO3

Carbonate

0–12.50 (2.83)

HCO3

Bicarbonate

50.05–845.32 (132.11)

TA

Total alkalinity

51.48–693.35 (107.60)

TH

Total hardness

141.12–989.89 (198.71)

DO

Dissolved oxygen

1.17–9.92 (2.41)

TN

Total nitrogen

0.25–21.84 (4.18)

NH3-N

Ammonia nitrogen

0.07–9.42 (2.63)

NO2-N

Nitrite

0–1.41 (0.30)

NO3-N

Nitrate

0.05–18.85 (2.90)

COD

Chemical oxygen demand

6.32–130.61 (20.84)

COD_Mn

Permanganate index

0.57–16.36 (3.34)

BOD

Biochemical oxygen demand

0–35.80 (7.39)

TP

Total phosphorus

0–3.64 (0.78)

Fluoride

Fluoride

0.18–2.30 (0.49)

Abbreviation: SD, standard deviation.

T A B L E 1 Water quality chemical
factors monitored in the Jinan City
monitoring program
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than 24 h. Then it was concentrated into 30 ml, 0.1 ml of which was
extracted and transfused into 0.1-ml plankton counting chamber.

3.2.1 | Fuzzy clustering to determine typical points
of nonpoint source pollution

Finally, a microscope was used to classify and count phytoplankton
(Zhao et al., 2010).

In order to analyse the impact of nonpoint source pollution on the

For zooplankton, the sampling methods of protozoon and rotifera

structure of aquatic ecological food web, the sampling points

are the same as those of phytoplankton. When sampling cladocera

are clustered by fuzzy clustering to determine typical points with

and copepods, a 10-L organic glass bottle was used to obtain water.

large differences in spatial of nonpoint source pollution impact.

Subsequently, this water sample was filtered and concentrated into

The influence of nonpoint source pollution water quality factors on

5 ml using a 200-mesh or 125-mesh plankton net. Finally, 4% concen-

the structure of food web can be obtained by fuzzy cluster

tration formaldehyde was added. The number of protozoon and

analysis. Then the centre point selection principle is used to select

rotifera was determined via the same method as phytoplankton. The

typical points in each cluster. Finally, food web model is

method used for cladocera and copepods is different. The 10-L water

established to obtain food web structure index to analyse

sample was fully concentrated, and all cladocera and copepods were

the effect of nonpoint source pollution factors on food web

classified and counted (Zhao et al., 2010).

structure.

For zoobenthos, an oyster bucket harvester with a mouth area of

Clustering is important for pattern recognition, classification,

29 × 29 cm was used to dig substrate sludge. Subsequently, the sub-

model reduction and optimization. Clustering analysis can be per-

strate sludge was washed with a 60-mesh filter. Finally, zoobenthos

formed using the traditional hard clustering method or the FCM. The

were extracted, and 75% concentration alcoholic solution was added.

hard clustering method is more suitable for clustering conditions with

Owing to the bigger size of zoobenthos, they are usually directly clas-

clear boundaries, whereas for problems with unclear boundaries, an

sified and counted with eyes. All aquatic organisms were weighed by

FCM is usually adopted (Pan, 2010; Zhao et al., 2013). In this study,

using a torque balance or a pharmaceutical scale and classified by

monitoring stations distribute randomly covering the whole study

using aquatic organism atlas (Zhao et al., 2017).

area, and it is hard to find clear boundaries. Therefore, clustering with

Concurrently, fish were collected during 30-min periods in three

FCM is the best choice. The advantage of this algorithm is that it can

habitat types (i.e., pools, riffles and runs) within 500 m of the river

effectively avoid setting thresholds and can solve the difficult problem

at each sampling site. Specimens caught from the three habitats

of multiple branches in threshold segmentation. To facilitate

were combined to represent a site. In wadeable streams, fish were

calculation, data in a (n * m) matrix were pre-processed using the
h
i rﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ

Pn 
1
−
model x0ij =
(I = 1, …, n; j = 1, …, m)
xij − x−j =
x
−
ij xj
i=1
n

collected by a two-person team (Barbour, Gerritsen, Snyder, &
Stribling, 1999). In unwadeable streams, seine nets (mesh sizes of
30 and 40 mm) were used to collect fish from a boat. Furthermore,

with the average value

electrofishing was performed to ensure that a good representation

of

of fish species was collected at each site. All individuals collected
were identified in situ according to Chen et al. (1987) and thereafter
counted, weighed and recorded in field data sheets. Subsequently,

−
xj

=

Pn
i=1

xij =n . During the establishment

a

similar matrix, the widely used Euclidean distance
qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ 
qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ 
Pm
Pm
2
2
rij = 1 −
= max
was
k = 1 xik − xjk
k = 1 xik − xjk

adopted (Zhao et al., 2013).

all identified fish were released. A few specimens that could not be
identified in the field were preserved in 10% formalin solution and
stored in labelled jars for subsequent laboratory identification (Zhao
et al., 2017).

3.2.2 | Identification of important factors of
nonpoint source pollution

3.2

The food web model is established at each typical point to obtain

|

Method

structural index of the food web. Then the PLSR analysis is carried
First of all, based on the water quality factors of nonpoint source pol-

out. According to the different impacts, the important factors of water

lution, the sampling points are clustered by using fuzzy clustering

quality that affect the structural characteristics of food webs are

methods (FCMs) to determine the typical points of nonpoint source

determined. The pollution factors related to nonpoint source pollution

pollution. After that, the food web model of typical points is

are selected for analysis.

established to obtain the index of food web structure, and then the

The ecopath model provides a quantitative and comprehensive

partial least squares regression (PLSR) analysis method is used to

analysis of the structure of the ecosystem, the processes of nutrient

determine the important factors affecting food web structure in non-

flow and the characteristics of nutrient dynamics. First, indices of food

point source pollution. Finally, by coupling canonical correspondence

web structure were extracted from the established ecopath models.

analysis (CCA) and PLSR analysis method, the influence of important

The effects of these indices on the complexity, connectance, stability

factors of nonpoint source pollution on food web structure and the

and maturity of food web structure were thereafter retrieved from

change of the food web structure is determined to predict the

the relevant results obtained by scientists worldwide in the last

changes of food web structure.

10 years. The key indices most indicative of food web structure were
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screened out for later use. As shown in our study, the indices for food

factors (NH3-N and COD) and the changes in food web structural

web structure mainly include biodiversity (Abonyi et al., 2018; Mor

index are analysed by VIP and fitted by curve relationship, and finally,

et al., 2018; Thompson et al., 2018), food chain length (Mendonça &

the effect of important factors of nonpoint source pollution on the

Vinagre, 2018; Morillo-Velarde et al., 2018), Shannon's index (Liu,

food web structure is quantitatively analysed. Before CCA, we calcu-

Chen, et al., 2016; Liu, Xiang, et al., 2016), connectance index (Marina

lated the unconstrained ordination with detrended correspondence

et al., 2018), system omnivory index (Wang, Peng, Su, & Cheng, 2017)

analysis (DCA), which provides a basic overview of the compositional

and total primary production/total respiration (Chen, Xu, & He, 2011;

gradients in the species data.

Xu, Chen, Li, & He, 2011).

CCA is a multivariate gradient analysis method designed to eluci-

The PLSR analysis is an extension of multiple regression analysis

date relationships between biological assemblages of species and

that evaluates the effects of linear combinations of several predictors

environmental factors and has been widely used to predict interac-

on a response variable. This technique can be used to determine the

tions between community structure and environmental variables

relationship between two sets of variables, the matrix Xm × n, which

(Biswas et al., 2015). It requires two data matrices that were the food

consists of m variables (columns) and n objects (rows), and a response

web structure index data matrix and the environmental data matrix in

vector Yn × 1. The PLSR identifies a few linear combinations of the

this study (Barrella, Martins, Petrere, & Ramires, 2014). Factors that

original x values that describe most of the inherent variable

affect the structure of food webs include hydrological and water qual-

(Hu et al., 2018).

ity parameters. The method using single-modal sorting and Monte

Variable importance in the project (VIP) is an indicator obtained

Carlo displacement test was used to select the main factors (p < 0.05)

during the calculation of PLSR, which can be used to measure the

for food web structure differences based on the above two parame-

importance of the independent variable to the dependent variable.

ters. The numbers for CCA are drawn using Canoco (Zhao

The VIP of the independent variable is greater than 1, indicating that

et al., 2017).

the independent variable plays a more important role; when the VIP
value is between 0.5 and 1, the explanatory effect of the independent
variable is not obvious, whereas when VIP is less than 0.5, the independent variable has little explanatory role for the dependent variable

3.2.4 | Prediction of the impact of nonpoint source
pollution on food web

(Afanador, Tran, & Buydens, 2013; Hu et al., 2018; Sun et al., 2018).
The calculation method is as follows:

The EcoHAT-NPS nonpoint source pollution model (Equation 2) was

vﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
u m
m
X
u X
VIPj = tðp
RðY, T h Þw2hj =
RðY, T h Þ:
h=1

used to estimate the nonpoint source pollution load of the subð1Þ

h=1

watershed where typical points are located, to determine the contribution of nonpoint source pollution to river water quality and finally
to confirm the impact of nonpoint source pollution on the structure of
typical point food webs (Song et al., 2012).

Among them, p is the number of independent variables, m is the number of components extracted from the original variables by the partial

C = 1− ekRt  Q  ð1 −W Þ  ð1 −UÞ:

ð2Þ

least squares method, Th represents the hth component and R(Y,Th)
represents the explanatory power of component Th to the dependent

In the equation, C is the nonpoint source pollution load per unit area,

variable Y, which is equal to the square of the correlation coefficient

t/km2; Q is the nonpoint source pollution source intensity per unit

between the two; whj is the jth component of the axis wh, and wh is

area, t/km2; k is the ground erosion coefficient; R is the standard rain

the eigenvector of the X Th−1 Y h−1 Y Th− 1 Xh− 1 .

intensity, mm/day; t is the rainfall duration, days; W is the garbage disposal rate; and U is the garbage access rate.
The EcoHAT-NPS model divides the generation and migration

3.2.3 | Analysis of the impact of nonpoint source
pollution on food web structure

of nonpoint source pollution load into dissolved state pollution load
and adsorbed state pollution load, respectively. According to the
basic characteristics of surface water cycle process and soil erosion,

Based on seven times of water quality monitoring data in 2 years, the

combined with the characteristics of nonpoint source pollution, the

water quality data in dry season are taken as the river water quality

dissolved pollution simulation model and the adsorption pollution

under the influence of point source pollution, and the water quality

simulation model are established separately. In the dissolved pollu-

monitoring data after rainfall in rainy season are used as the water

tion model, the simulation is performed according to the type of

quality data under the influence of point source pollution and non-

urban run-off (Hao, Yang, Cheng, Li, et al., 2006; Hao, Yang, Cheng,

point source pollution, and the difference between the two values

Bu, & Zheng, 2006; Liu, Shen, Ding, Wu, & Liu, 2008). In the

(hereinafter referred to as ‘4 value’) is taken as the impact of non-

adsorption pollution load estimation model, the soil erosion model is

point source pollution on water quality. CCA was performed on the

first used to estimate the amount of soil erosion in the study area,

water quality factors at the time of sampling and the corresponding

and then the estimation of the amount of nitrogen and phosphorus

food web structural indicators, and then the nonpoint source pollution

adsorbed under the water erosion environment is completed by
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using the constructed surface soil nitrogen and phosphorus content

γi is the structure level index of the ith food web. ai, bi, ci and di repre-

database. The advantages of the EcoHAT-NPS are that it can calcu-

sent the Shannon diversity index, total primary production/total respi-

late the nonpoint source pollution load of each region and each

ration, connectance index and system omnivory index of the ith food

pixel in a distributed manner, identify the key region of nonpoint

web, respectively. The structure level index (v) reflects the changes in

source and accurately control the nonpoint source pollution (Song

the structure level of food web in terms of stability, complexity, con-

et al., 2012).

nectivity and maturity (Zhao et al., 2019). The food web structure

The concentration of nonpoint source pollution is calculated
based on the load and flow of each pollutant simulated by the non-

level index can be used to evaluate the structural characteristics of
aquatic food webs synthetically.

point source pollution model and then bring it into the food web
structure index prediction model (Table 6) to predict the change of

4

|

RE SU LT S

food web structure index.
Changes in the structure of the food web have important impacts
on ecosystem functions and ecological value (Hemraj et al., 2017;

4.1 | Fuzzy clustering to determine typical points
of nonpoint source pollution

Robson et al., 2017). In order to further quantitatively analyse the
influence of important factors of nonpoint source pollution on the

Nonpoint source pollution will produce a large amount of TP, TN,

level of food web structure, the overall characteristics of the food

NH3-N and COD, which are important factors affecting the health of

web structure are comprehensively evaluated through the food web

aquatic ecosystems (Kuo et al., 2016; Song et al., 2012; Zhou

structure level index model (Zhao et al., 2019).

et al., 2019), and have a serious impact on the aquatic ecosystem after
entering the river. For this purpose, the sampling points (Figure 1) are

ai + 1=bi + ci + di
:
i=
4

FIGURE 2

Clustering results of sampling points

ð3Þ

fuzzy clustered based on the data of TN, TP, COD and NH3-N, and
the results are shown in Figure 2.
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It can be seen from Figure 2 that the sampling points are clustered according to the concentration of TN, TP, COD and NH3-N in

T A B L E 4 Variable importance in the project averages of water
quality factors affecting food web structure

the nonpoint source pollution. In order to select as many typical
points as possible, the selection threshold here is 11 according to the

Food web structure
Water quality factors

SDI

TPR

CI

COI

Mean

Ca

0.52

0.76

0.71

1.21

0.80

which are typical points) analyses the effects of nonpoint source pol-

K

0.74

0.79

0.50

0.99

0.76

lution on food web.

Na

0.58

0.65

2.00

1.16

1.10

CL

0.88

1.36

0.69

0.66

0.90

SO4

1.05

0.79

1.02

1.44

1.08

CO3

1.17

2.66

1.56

2.00

1.85

HCO3

0.32

0.77

0.96

0.56

0.65

The ecopath model is established based on aquatic biological data in

TA

0.33

0.82

0.91

0.58

0.66

ecological sampling, including species and biomass of phytoplankton,

TH

0.75

0.88

0.59

1.14

0.84

TN

1.29

0.54

0.75

0.82

0.85

NH3-N

1.67

0.66

0.92

0.85

1.03

COD

0.71

1.34

0.95

1.29

1.07

KMNO4

0.94

1.70

0.56

0.75

0.99

BOD

1.04

0.73

1.03

1.19

1.00

AS

0.51

0.62

0.19

0.52

0.46

TP

1.05

0.69

0.99

0.96

0.92

quality factors on structural indicators of food webs at typical points

S

1.16

0.70

1.05

0.77

0.92

J1, J24, J36, J32, J16 and J23. And the VIP (Table 4) is used to screen

F

0.74

1.05

1.27

1.61

1.17

important factors affecting the structure of the food web from non-

Ais

1.20

0.70

1.06

0.76

0.93

clustering results in Figure 2. The sampling points are divided into six
categories. The screening of six points (J1, J24, J36, J32, J16 and J23,

4.2 | Identification of important factors of
nonpoint source pollution

zooplankton, benthic and fish. Through the establishment of food
web model, the food web structure index data (Table 3) of typical
points at different times can be obtained, including Shannon's diversity index, total primary production/total respiration, connectance
index and system omnivory index. These four indexes reflect the level
of food web structure from four aspects: stability, maturity, connectivity and complexity.
PLSR analysis is performed to determine the impact of water

point source pollution.
From Table 4, it can be seen that among the water quality factors,
Na, SO4, CO3, NH3-N, COD and F have a great impact on the structure of the food web (the VIP mean values are 1.10, 1.08, 1.85, 1.03,

the driving effect of water quality factors on food web structure. The

1.07 and 1.17). These water quality factors are heavy metals that are

results are shown in Figure 3. Among them, the effect of NH3-N and

toxic to aquatic animals and aquatic plants, or various salt that inhibit

COD in the nonpoint source pollution factors is significantly greater

the survival and reproduction of aquatic. The excessive concentration

than TN and TP, which is consistent with the VIP results above.

of them in rivers can inhibit of the aquatic ecological food web in dif-

Then the VIP results in the PLSR analysis are used to further

ferent levels. Among these important factors, the factors related to

determine the influence of important nonpoint source pollution fac-

the nonpoint source pollution factors (TN, TP, COD and NH3-N) stud-

tors (NH3-N and COD) on the structure index of food web. VIP analy-

ied in this thesis are NH3-N and COD.

sis and curve relationship fitting are performed on nonpoint source
pollution factors (NH3-N and COD) and changes in food web structural indicators (i.e., changes in food web structural indicators with no

4.3 | Effects of nonpoint source pollution on food
web structure

nonpoint source impact). The results are shown in Tables 5 and 6.
It can be seen from Figure 3 that NH3-N and COD have important effects on the change of food web structure, and their impact on

First, the CCA method is used to analyse the relationship between
water quality factors and food web structure indexes, to determine

the structure of food web is greater than TN and TP. Combining
Table 5, it can be found that the influence of NH3-N (VIP mean value
of 1.19) on the changes of various structural indicators of the food

TABLE 3

Structural indicators of typical food webs in spring 2016

web is greater than COD (VIP average of 0.76). With the comprehen-

Station

SDI

TPR

CI

COI

sive analysis of the above results, among the effects of nonpoint

J1

2.64

0.99

0.07

0.18

source pollution factors on the food web studied in this paper, it was

J16

2.01

7.16

0.24

0.02

found that the effect of NH3-N on the structure of the food web is

J23

1.91

1.02

0.07

0.06

J24

1.03

0.09

0.08

0.04

J32

2.20

0.49

0.04

0.01

J36

2.27

0.19

0.07

0.09

greater than that of COD. Furthermore, according to the results
shown in Figure 4, the angle between NH3-N and CI and TPR is less
than 90 , and the angle between NH3-N and SOI and SDI is greater
than 90 . Therefore, NH3-N has a positive effect on CI and TPR in the
food web structure index, whereas it has a negative effect on SOI and
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4.4 | Prediction of nonpoint source pollution on
food web structure
Combined with the rainfall data measured by the ground rainfall station, the nonpoint source pollution load of each subwatershed where
the typical point is located is estimated through using the EcoHATNPS nonpoint source pollution model (Figure 4).
Based on the nonpoint source pollution load combined with the
measured rainfall and flow data in the study area, the inflow concentration of nonpoint source pollution is estimated (because J14 and
J36 are located in the reservoir area, the reservoir capacity is difficult
to determine, and the nonpoint source pollution factor concentration
cannot be determined, so the food web cannot be predicted structure
index) and then combined with the fitting formula in Table 6 to calculate the food web structure index change value. The food web structure index under the influence of point source pollution is added to
F I G U R E 3 Canonical correspondence analysis of water quality
factors and food web structure

obtain the food web structure index under the combined influence of
point source and nonpoint source. The results are shown in Table 7.
The effect of nonpoint source pollution on the aquatic food web is
evaluated according to the variation of the structure index of the food

T A B L E 5 Variable importance in the project average of the
influence of important factors on changes in food web

web. According to Figure 5, it can be seen that the nonpoint source
pollution in July and August of each year is significantly higher than
that of the other months (take J1 as an example, the annual peak

Food web structure

months of NH3-N and COD loads from 2014 to 2018 are July,

Factors

4SDI

4TPR

4CI

4COI

Mean

August, July, July and August). It shows that in the annual flood sea-

NH3-N

1.26

1.06

1.26

1.19

1.19

son, nonpoint source pollution will increase with the increase of rain-

COD

0.65

0.94

0.66

0.76

0.76

fall. Comparing the results of other points, it can be seen that the
nonpoint source pollution generation at Point J1 is the lowest, mainly
because J1 is located in the southern mountainous area of Jinan. The
impact of human activities is minimal, and the amount of nonpoint
source pollution is minimal. The highest of nonpoint source pollution

SDI. COD only has a positive effect on CI and has a negative effect on

at Point J23 is mainly because J23 is located in the urban area, with a

other indicators. According to Table 6, it can be obtained that the

large population density and a high amount of domestic waste, caus-

fitting relationship function between the NH3-N and COD and the

ing nonpoint sources.

change value of the structure index of the food web are established,

According to Table 7, the average SDI (2.206) of J1 is the highest,

and through the F test, the change of the structure index of the food

the average COI (0.146) is the highest and the average TPR (10.676) is

web can be predicted by the change of the concentration of NH3-N

the lowest. It shows that J1 has the best biological species and diver-

and COD. In addition, the changes of SDI, TPR, CI and COI will change

sity, the predation relationship among species is complex and the food

with the concentrations of NH3-N and COD on the basis of a stable

web structure is the most mature. The main reason is that J1 is

value (constant term in the fitting function), which eventually leads to

located in the southern mountainous area of the study area, with little

a change in the food web structure index with the concentration

human activity and the least nonpoint source pollution, which ensures

changes of COD and NH3-N.

the normal living conditions of aquatic organisms. The SDI mean value

TABLE 6

Fitting relationship between the changes in SDI, TPR, CI and COI of the food web structure index and NH3-N and COD

Food web structure index

Fitting relation (x:NH3-N, y:COD)

R2

4SDI

4SDI = −0.09 − 0.39 * x + 0.08 * x2 + 0.002 * y

0.64

4TPR

4TPR = 1.81 + 11.32/x + 12.80 * y

4CI
4COI

4CI = −0.003 + 0.03 * x − 1.31 * y3
4COI = −0.005 − 0.02 * x + 0.004 * x2 − 0.0007 * y

Abbreviation: RMSE, root mean square error.

0.56

RMSE
0.367
14.7

F test
0.028
0.045

0.66

0.038

0.016

0.65

0.027

0.008
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F I G U R E 4 Estimation of nonpoint source pollution load in a typical point watershed (a, c, e, g, i and k are the NH3-N loads of J1, J16, J23,
J24, J32 and J36, respectively; and b, d, f, h, j and l are the COD loads of J1, J16, J23, J24, J32 and J36, respectively)
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T A B L E 7 J1, J23, J24 and J32 food
web structure index prediction results

Date

SDI

TPR

CI

COI

0.136

0.154

J1

SDI

TPR

CI

COI

10.448

0.234

0.044

J23

6/2014

2.074

9.529

7/2014

2.072

9.581

0.139

0.153

1.545

15.690

0.174

0.033

8/2014

2.120

10.957

0.117

0.156

1.470

21.273

0.132

0.021

9/2014

2.108

10.956

0.120

0.156

1.549

15.556

0.234

0.032

6/2015

2.121

10.998

0.117

0.156

1.468

21.298

0.162

0.022

7/2015

2.090

10.560

0.126

0.155

1.474

21.230

0.072

0.020

8/2015

2.424

8.511

0.199

0.170

1.419

33.147

0.759

0.005

9/2015

—

—

—

—

1.665

10.448

0.234

0.044

6/2016

2.097

8.862

0.156

0.154

1.426

27.166

0.062

0.012

7/2016

2.424

8.639

0.198

0.170

1.519

45.278

0.304

0.007

8/2016

2.207

8.577

0.177

0.159

1.419

33.147

0.759

0.005

9/2016

—

—

—

—

1.665

10.448

0.234

0.044

6/2017

2.120

10.957

0.117

0.156

1.470

21.273

0.132

0.021

7/2017

2.207

8.705

0.176

0.159

1.450

39.189

0.434

0.002

8/2017

2.074

9.529

0.136

0.154

1.476

21.211

0.042

0.019

9/2017

2.367

25.208

0.083

0.169

1.667

10.233

0.264

0.043

5/2018

2.120

10.957

0.117

0.156

1.419

33.147

0.759

0.005

6/2018

2.097

8.862

0.156

0.154

1.472

21.251

0.102

0.021

7/2018

2.207

8.577

0.177

0.159

1.470

21.273

0.132

0.021

8/2018

2.770

8.583

0.222

0.187

1.426

27.166

0.062

0.012

9/2018

2.222

14.286

0.100

0.162

1.549

15.556

0.234

0.032

J24

1.665

J32

6/2014

0.873

8.435

0.154

0.025

—

—

—

—

7/2014

0.866

8.410

0.159

0.025

—

—

—

—

8/2014

0.814

8.711

0.228

0.020

—

—

—

—

9/2014

0.804

9.027

0.230

0.019

—

—

—

—

6/2015

0.760

10.427

0.283

0.015

—

—

—

—

7/2015

0.764

10.258

0.295

0.015

—

—

—

—

8/2015

0.755

10.669

0.280

0.014

—

—

—

—

9/2015

0.810

8.912

0.221

0.020

—

—

—

—

6/2016

0.713

12.514

0.307

0.009

1.796

18.200

0.127

0.013

7/2016

0.637

17.081

0.208

0.001

1.831

15.741

0.231

0.018

8/2016

0.586

21.878

0.177

0.010

1.921

11.135

0.250

0.029

9/2016

—

—

—

—

—

—

—

—

6/2017

0.814

8.711

0.228

0.020

1.977

9.260

0.196

0.035

7/2017

0.608

19.460

0.059

0.006

1.859

14.389

0.374

0.018

8/2017

0.706

12.896

0.345

0.007

1.873

13.364

0.267

0.024

9/2017

—

—

—

—

—

—

—

—

5/2018

0.814

8.711

0.228

0.020

1.982

9.297

0.175

0.035

6/2018

0.713

12.514

0.307

0.009

1.926

10.934

0.271

0.029

7/2018

0.635

17.111

0.178

0.001

1.915

11.418

0.237

0.029

8/2018

0.595

20.704

0.060

0.008

1.768

20.710

0.061

0.008

9/2018

0.809

8.669

0.255

0.019

1.976

9.396

0.184

0.035
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F I G U R E 5 Food web structure level index changes of J1, J23, J24 and J32 (a–d represent J1, J23, J24 and J32, respectively, and the time is
predicted based on the month of rainfall data collection. The red line in the figure is the mean line)

(0.741) and COI mean value (0.014) of J24 are the lowest. J24 is

low level of food web structure and the weakest ability to resist the

located in the sewage channel of Jinan City. The river is in eutrophica-

interference of external factors (Hu, Liu, & Chen, 2017; Hu, Wei,

tion all year round, and the biological survival status is extremely poor,

et al., 2017; Jiao, Ren, Wang, & Liu, 2017; Liu, Cao, Li, Li, &

which leads to the worst biological survival status and the lowest bio-

Zhang, 2019). The nonpoint source pollution washed by rainfall in the

diversity index. The food web structure indexes of J23 and J32 are

flood season enters the river. Due to the serious pollution of the river

both at a medium level. Taking SDI as an example, the mean values

water, the rainwater also brings a certain impact to the already fragile

are (1.509, 1.893).

food web, which deteriorates the living environment of aquatic organ-

According to the prediction results of the four food web structure
indices obtained from Table 7, the formula 3 can be used to calculate

isms, especially phytoplankton, and further reduces food web structure level.

the change of the food web structure level index at each point, as
shown in Figure 5.
As can be seen from Figure 5, the predicted average value of the

5

DI SCU SSION

|

food web structure level index (δ) of J1 is the highest (0.65), J24 is the
lowest (0.26) and J23 (0.46) and J32 (0.55) belong to the middle level,

5.1

|

Fuzzy clustering to determine typical points

which is consistent with the results obtained above. The food web
structure level index at Points J1, J23 and J32 will go through a pro-

In this paper, the data of water quality factor (TN, TP, COD and

cess of rising and then decreasing throughout the year. At the begin-

NH3-N) are used for fuzzy clustering for sampling points, and then the

ning of each flood season, the food web structure level index will

central point selection principle is adopted to determine the typical

gradually increase, and with the end of the flood season, the food

points. In the study of clustering the sampling points, Nguyen

web structure level index will decrease. It is mainly due to the gradual

et al. (2015) used cluster analysis to divide the 52 groundwater moni-

increase of rainfall in the flood season. With the increase of rainfall,

toring wells into three clusters of high salinity, low salinity and fresh-

nonpoint source pollutants enter the river with rainfall, resulting in

water in Red River Delta of Vietnam. The characteristics of

the increase of water concentration in the river, which provides cer-

groundwater in each cluster were analysed, and the reasons for this

tain nutrients for aquatic organisms and promotes the growth of

distribution were analysed (Nguyen et al., 2015), which is consistent

aquatic organisms. The food web structure level index of J24 showed

with the effect of cluster analysis of sampling points by the concentra-

the lowest value in August (average value of 0.25). The main reason is

tion of water quality factor in our study. This study is consistent with

that the Xiaoqing River, where J24 is located, belongs to the sewage

the method used in our study to reflect changes in water quality fac-

channel of Jinan City. The river pollution is serious, and the concentra-

tor concentrations through cluster analysis. In the precipitation study

tion of various water quality factors is high all year round, which

at Northeast India, Goyal, Shivam, and Sarma (2019) used fuzzy clus-

affects the survival of aquatic organisms at this point, resulting in a

tering to cluster the selected sites based on the six parameters of
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these precipitation indices, namely, latitude, longitude, mean, standard

plants and biomass, and ultimately cause changes in the level of the

deviation, minimum and maximum (Goyal et al., 2019), and finally

food web structure of the entire ecosystem.

divided the sampling points into five categories for analysis, which is
consistent with the method of classification analysis of sampling
points in our paper. In the study of fuzzy clustering, Mao et al. (2019)
used the density centre as the initial cluster centre and finally devel-

5.3 | Analysis of nonpoint source pollution on food
web structure

oped a typical point selection method based on sampling density centre selection, which is consistent with our principles of fuzzy

This study found that NH3-N and COD have an effect on the

clustering in the study area and the selection of typical points based

stability, maturity, connectivity and complexity of the food web

on the centre points of the clustering results. In summary, in the study

structure. NH3-N has a positive effect on the degree of connection

of classification of sampling point data, it is feasible to use fuzzy clus-

and maturity of the food web structure but has a negative effect on

tering to perform cluster classification and then use the centre point

the complexity and stability. COD only has a positive effect on the

selection principle to determine typical points.

connection and has a negative effect on other indexes. In the study
of the effect of NH3-N on the structure of food webs, Kanaya
et al. (2019) in the study of the shallow lake marsh ecosystem in

5.2 | Analysis of important factors of nonpoint
source pollution in food web structure

Japan found that NH3-N can promote the parasitic relationship, and
parasites are substances, and the potential pathway of energy flow
greatly increases the connection of food web, which is consistent

In this paper, NH3-N and COD are the important factors of non-

with the conclusion that NH3-N promotes the food web connection

point source pollution that affect the food web structure. In the

obtained in our study. Olatunji et al. conducted a large number of

study of the effects of NH3-N on the structure of aquatic ecosys-

comparative experiments in the study of soil nematode abundance

tems, Kuo et al.'s study in the Dajia River watershed at China found

and community composition in China. The results show that NH3-N

that NH3-N is the main factor that affects the seasonal changes of

can promote the omniverses and enrichment index of nematode

the epilithic algal biomass in streams, which in turn affects the

(Olatunji et al., 2019). The conclusion is consistent with the NH3-N

structural composition of the upper aquatic animal community and

obtained, which has a positive effect on the maturity of the food

eventually leading to changes in the food web structure (Kuo

web in our study. Tian et al. research in Nansi Lake in China found

et al., 2016). Shrestha and Dorevitch's (2019) research in Lake

that NH3-N is one of the main environmental factors driving the

Michigan beaches at the United States found that the increase of

seasonal changes in phytoplankton communities in lakes. These envi-

NH3-N increased the density and quantity of Escherichia coli.

ronmental factors increase the abundance of phytoplankton commu-

Similarly, Zhou et al.'s (2019) research in the Huaihe River Basin in

nities (Tian, Zhang, Zhao, & Huang, 2017). This is consistent with the

China also found that NH3-N has an important effect on the

conclusion that the NH3-N can promote the maturity of the food

composition and change of phytoplankton community structure in

web structure in our study. In the study of the impact of COD on

rivers during the dry season. In the study of Japan's shallow lake

the ecosystem, Ling et al. (2015) found that COD promotes bacterial

marsh ecosystem, Kanaya et al.'s (2020) research found that NH3-N

abundance in the study of the spatial variability of bacterial commu-

promotes parasitic relationships and the growth of flora and fauna.

nities and their relationship with water chemistry in South China Sea

These studies show that NH3-N has an important impact on the

Sanya Bay. The result is different from the conclusion that in our

composition of algae and phytoplankton community structures in

study, mainly because COD has a positive effect on the abundance

river aquatic ecosystems. Our research in Jinan also shows that

of the bacterial community, but our study focuses on the entire food

NH3-N is an important factor affecting the structure index of food

web organization. COD has different effects on other organisms in

web. In the study of the impact of COD on aquatic ecosystems,

the food web, which ultimately leads to poor structural stability of

Ling et al.'s (2015) research in Sanya Bay, China, obtained a signifi-

the entire food web. Guijun et al. (2012) found in Lake Taihu's

cant correlation between COD and the spatial variability of bacterial

zooplankton study that COD was the main water quality factor that

communities through a large amount of data analysis. Yang

caused the changes in the community structure of Coilia ectenes

et al. (2012) collected a large number of data of aquatic organisms

taihuensis and Neosalanx tangkahkeii taihuensis. The difference in

in the Taihu Lake Basin of China and found that COD affected

COD that led to the structure of zooplankton community is different

the structure and community of Microcystis in Taihu Lake. The

in different regions, and the community structure in some areas with

conclusions of these studies are that COD is also an important

lower COD concentration is more complicated, which is consistent

factor influencing the structure of the biological community of the

with the conclusion in our study. In summary, NH3-N and COD have

aquatic ecosystem, which is consistent with our conclusions

a certain effect on the stability, maturity, connectivity and complexity

obtained in the study. It is mainly because changes in NH3-N

of phytoplankton, zooplankton, parasites and bacterial communities

and COD concentrations promote the growth of phytoplankton,

in aquatic ecosystems, which in turn affects the entire aquatic eco-

lead to the changes of the primary productivity of the ecosystem,

system. The NH3-N has a positive effect on the degree of connection

which in turn affect the growth and reproduction of other aquatic

and maturity of the food web structure but negatively affects the
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complexity and stability. COD only has a positive effect on the
degree of connection and has a negative effect on other indexes.

Comparing the month with the measured food web model and
the food web structure index predicted from the same month, the
results are shown in Figure 6.
As can be seen from Table 8, there is a good fitting relationship

5.4 | Prediction of nonpoint source pollution on
food web structure

between the food web structure indexes SDI, TPR, CI and COI and
the concentrations of chemical factors (Na, SO4, CO3, F, NH3-N and
COD) (R2 all greater than 0.5) and credible by F tests (p values are all

In this paper, the change of food web structure index is predicted

less than 0.05), indicating that the food web structure index can be

by NH3-N and COD produced by nonpoint source pollution. And

simulated by the concentration of important chemical factors.

then we add the point source pollution to the nonpoint source pol-

According to the formula in Table 8, the food web structure indexes

lution and get the pollution on food web structure is used to predict

SDI, TPR, CI and COI will change as the chemical factor concentration

the food web structure index. In order to verify the effect of water

changes. As nonpoint source pollution enters the river, the water

quality factors on the food web structure index, the measured con-

quality of the river is changed, leading to changes in the originally sta-

centration data of various important chemical factors (Na, SO4,

ble food web structure. Therefore, it is feasible to predict the food

CO3, F, NH3-N and COD) and the food web structure index were

web structure index by analysing the influence of NH3-N and COD

curve fitted to obtain the following functional relationship as shown

produced by nonpoint source pollution on the change of the food

in Table 8.

web structure index. It can be obtained from Figure 6 that the

T A B L E 8 Fitting relation of food web structure indices SDI, TPR, CI and COI and chemical factors (x1–x6 represent the concentration of Na,
SO4, CO3, F, NH3-N and COD, respectively, in mg/L)
Fitting relation

R2

F test

SDI

SDI = 2.27 + 0.001x2 − 0.044x3 − 0.881x4 − 0.134x5 + 0.008x6

0.58

0.034

TPR

TPR = 2.21 − 0.02x1 − 0.006x2 + 0.114x3 + 2.81x4 − 0.41x5 + 0.19x6

0.65

0.045

0.65

0.012

0.56

0.046

Food web structure index

CI
COI

FIGURE 6

CI = 0.06 − 0.001x1 + 0.006x3 + 0.178x4 − 0.004x5 + 0.004x6
COI = 0.127 − 0.006x3 − 0.109x4 + 0.002x5 − 0.003x6

Comparison of predicted and measured food web structure index (a–d are SDI, TPR, CI and COI, respectively). RMSE, root mean square error
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predicted food web structure index is in good agreement with the

stability. COD only has a positive effect on the connection and a

measured food web structure index (R2 is greater than 0.7, and the

negative effect on other indexes. In addition, because nonpoint

Nash coefficients are all greater than 0.5), which proves the rationality

source pollution enters rivers and affects water quality, the change

of the food web structure index prediction.

of food web structure index can be obtained by fitting function

By predicting the food web structure index and food web structure level index, it is found that in areas with high food web struc-

relationship through the change of NH3-N and COD concentrations, so as to predict the food web structure index.

ture index and food web structure level index, the food web

3. In mountainous areas where human activities have a small impact,

structure in the rainy season will be higher than that in the dry sea-

the amount of nonpoint source pollution is less. At the same time,

son. In areas with severe water pollution and poor food web struc-

in areas with good water quality, the food web structure level

ture, the food web structure in the rainy season will be worse than

index is high, and the food web structure is stable. In areas with

that in the dry season. In the study of nonpoint source pollution

serious water pollution and poor food web structure, the food web

affecting water ecology and food webs, Shrestha and Dore-

is weak in resisting external disturbances. Owing to rainfall enter-

vitch (2019) found that nonpoint source pollution has seriously

ing the river, the food web structure in the rainy season is worse

affected the density and number of E. coli in the study of lake Mich-

than that in the dry season.

igan beaches at the United States. He et al.'s (2018) study found
that water nutrients and microbial pathogens are affected by non-

In this paper, CCA and PLSR are used to comprehensively deter-

point source pollution caused by stormwater run-off on Dongshan

mine the impact of nonpoint source pollution on the structure of food

beach in the Bohai Bay and that nonpoint source pollution affects

webs and then fit the relationship between important factors of non-

the original water quality in the aquatic ecosystem and affected the

point source pollution, NH3-N and COD, and changes in food web

survival of microorganisms, which is consistent with the conclusion

structure index. Based on the nonpoint source pollution model, the

that nonpoint source pollution caused by rainfall will affect the

nonpoint source pollution at typical points is simulated, and finally,

structure of the food web in our study. These conclusions indicate

the food web structure index is predicted based on the nonpoint

that the nonpoint source pollution caused by rainfall will affect the

source pollution. However, due to the shortage of time series of water

aquatic ecosystem, and the primary productivity of the ecosystem

ecological data, there are some errors in some calculation. In the

will be changed by the microorganisms and algae that affect the

future, it is necessary to strengthen the research on new methods for

aquatic ecosystem, which will eventually change the structure of

obtaining water ecological data of rivers without data to increase the

the aquatic food web.

accuracy of nonpoint source pollution simulation and food web structure prediction.
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