Journal of Hydrology 560 (2018) 1–10

Contents lists available at ScienceDirect

Journal of Hydrology
journal homepage: www.elsevier.com/locate/jhydrol

Research papers

Quantifying effects of hydrological and water quality disturbances
on fish with food-web modeling
Changsen Zhao a,b,e, Yuan Zhang b, Shengtian Yang a,b,⇑, Hua Xiang c, Ying Sun c,
Zengyuan Yang c, Qiang Yu d, Richard P. Lim d
a

College of Water Sciences, Beijing Normal University, Beijing 100875, PR China
State Key Laboratory of Remote Sensing Science Jointly Sponsored by Beijing Normal University and the Institute of Remote Sensing Applications of Chinese Academy of Sciences,
Beijing Key Laboratory for Remote Sensing of Environment and Digital Cities, School of Geography, Beijing Normal University, Beijing 100875, PR China
c
Jinan Survey Bureau of Hydrology and Water Resources, Jinan 250013, PR China
d
School of the Environment, Faculty of Science, University of Technology Sydney, NSW 2007, Australia
e
ICube, UdS, CNRS (UMR 7357), 300 Bld Sebastien Brant, CS 10413, 67412 Illkirch, France
b

a r t i c l e

i n f o

Article history:
Received 13 December 2017
Received in revised form 5 March 2018
Accepted 6 March 2018
Available online 8 March 2018
This manuscript was handled by G. Syme
Keywords:
Hydrology
Water quality
River ecosystems
Effect delineation
Fish
Food-web modeling

a b s t r a c t
Accurately delineating the effects of hydrological and water quality habitat factors on the aquatic biota
will significantly assist the management of water resources and restoration of river ecosystems.
However, current models fail to comprehensively consider the effects of multiple habitat factors on
the development of fish species. In this study, a dynamic framework for river ecosystems was set up
to explore the effects of multiple habitat factors in terms of hydrology and water quality on the fish community in rivers. To achieve this the biomechanical forms of the relationships between hydrology, water
quality, and aquatic organisms were determined. The developing processes of the food web without
external disturbance were simulated by 208 models, constructed using Ecopath With Ecosim (EWE).
These models were then used to analyze changes in biomass (DB) of two representative fish species,
Opsariichthys bidens and Carassius auratus, which are widely distributed in Asia, and thus have attracted
the attention of scholars and stakeholders, due to the consequence of habitat alteration. Results showed
that the relationship between the changes in fish biomass and key habitat factors can be expressed in a
unified form. T-tests for the unified form revealed that the means of the two data sets of simulated and
observed DB for these two fish species (O. bidens and C. auratus) were equal at the significance level of 5%.
Compared with other ecological dynamic models, our framework includes theories that are easy to
understand and has modest requirements for assembly and scientific expertise. Moreover, this framework can objectively assess the influence of hydrological and water quality variance on aquatic biota with
simpler theory and little expertise. Therefore, it is easy to be put into practice and can provide a scientific
support for decisions in ecological restoration made by river administrators and stakeholders across the
world.
Ó 2018 Elsevier B.V. All rights reserved.

1. Introduction
Globally, climate change and intensive human activity have led
to alterations in the water cycle and river environments (such as
the hydrological status, pollutant load, and habitat attributes),
which have damaged the ecological integrity and ecosystem service values of rivers (Joniak and Kuczyńska-Kippen, 2010; Marzin
et al., 2014; Zhu et al., 2014). The degradation of river ecosystems
and river health is a major crisis, which has greatly affected the
survival of human beings and the sustainable development of
⇑ Corresponding author at: Beijing Normal University, Beijing 100875, PR China.
E-mail address: yangshengtian@bnu.edu.cn (S. Yang).
https://doi.org/10.1016/j.jhydrol.2018.03.017
0022-1694/Ó 2018 Elsevier B.V. All rights reserved.

society in the 21st century (Tang et al., 2002). To alleviate the
degradation trend, river ecosystem management projects are
carried out globally (Zhao et al., 2014, 2015a). However, the
complicated mechanisms acting between various habitat factors
are not clear, which has led to limited success in river governance
with great wastage in manpower and material resources (Suding
et al., 2015).
As an effective tool for exploring the complex interactions
between various habitat factors as hydrological or water quality
indices in an ecosystem, the ecosystem model focuses on key physical, chemical and biological processes, and the relationships
between various factors (Zheng et al., 2012; Li et al., 2013; Li and
Davis, 2016). It is therefore important approach to determine
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how external interferences affect the ecosystem (Steinacher et al.,
2010; Li et al., 2013). However, most previous studies have focused
on the ecological simulation of algae and zooplankton, while the
riverine benthic animals and fishes are rarely studied (Chen
et al., 1997; Arhonditsis and Brett, 2004; Arhonditsis et al., 2006;
Vera-Mendoza and Salas-de-León, 2014). This is not conducive to
providing an overall grasp of the biological condition of the
impacted river. Additionally, most previous research has tended
to study the effects of single factors (such as nitrogen and phosphorus) on aquatic organisms, with few studies considering the
synergistic effects of several factors (Chen et al., 2002; Liu and
Dagg, 2003; Middelburg and Levin, 2009; Sell, 2004). Because of
the complexity of ecological systems, assessing habitat condition
is not simply the sum of individual factors (Meng et al., 2009;
Zhu et al., 2014), and recent studies have not been conducive to
a comprehensive understanding of the effects of environmental
factors on aquatic organisms (Deng et al., 2015), which has hindered the progress of river ecosystem restoration.
In river ecosystems, fish are the most important group of organisms, and play important roles in nutrient cycling and energy flow.
Fish communities are effective ecosystem indicators as they are
relatively easy to identify (Zhang et al., 2007; Huo et al., 2013),
and their position at the top of the food web helps to provide an
integrated view of the environment (Wu et al., 2014). Some habitat
restoration programs have taken fish as representative of an
ecosystem’s health to evaluate the potential of river ecosystem
restoration (Bellmore et al., 2012; Whitley and Bollens, 2014). As
such, there is an urgent need to synthetically consider the effects
of multiple factors on aquatic life taking fish as representatives,
and to construct a new dynamic model of river ecosystems based
on the response of aquatic life to multiple factors.
In this study, the Ecosim, a time dynamic ecological simulation
model, was used to simulate the development of a complete food
web in an ecosystem without external forces. Based on the
super-dimensional data sets composed of hydrological and water
quality factors, which are the principal driving factors for river fish,
a principal component analysis (PCA) was used to reduce the
dimension of the hyper-dimensional data sets and to generate
new sets of independent influencing factors. Based on the study
on the relationship between fish and their habitat factors of
hydrology and water quality, a numerical framework of ecosystem
dynamics was established to provide scientific support for ecological management and restoration of rivers.

Fig. 1. Study area with routine hydrology-water quality-river ecosystem monitoring stations.

health and well-being are being increasingly threatened as well
as the fish community (Hong et al., 2010; Zhao et al., 2015b). Policymakers and stakeholders are aware of the need to rehabilitate
the river ecosystems in the city, and routine monitoring stations
distributed evenly on typical rivers were established (Fig. 1). At
these monitoring stations, parameters relative to biota, water quality, and hydrological factors were measured concurrently.
3. Materials and methods

2. Study area

3.1. Data

The city of Jinan (36.0–37.5 °N, 116.2–117.7 °E) is located in
eastern China, bordered by Mount Tai to the south and traversed
by the Yellow River and has a steeper topography in the south than
in the north (Fig. 1). Hilly areas, piedmont clinoplain, and alluvial
plains span the city from south to north. The altitude within the
area ranges from 66 to 957 m above sea level, with highly contrasting relief. The semi-humid continental monsoon climate in
the city area is characterized by cold, dry winters and hot, wet
summers. The average annual precipitation is 636 mm 75% of
which falling during the high-flow periods. The average annual
temperature is 14.3 °C. The average monthly temperature is highest in July, ranging from 26.8 to 27.4 °C, and is lowest in January,
ranging from 3.2 to 1.4 °C (Cui et al., 2009; Zhang et al., 2010;
Zhao et al., 2015b)
The city represents a typical developing city in China, with an
area of 8227 km2 and a population of 5.69 million people (Zhang
et al., 2007). With rapid industrial development and urbanization
in recent decades, the water resources in Jinan are severely polluted and reduced in quantity. As a result drinking water, human

We collected samples from 57 water ecological monitoring sites
in Jinan. Sampling was performed eight times between May 2014
and July 2016. Biological data (algae, zooplankton, zoobenthos,
fish) and habitat (hydrological and water quality) data were concurrently collected.
3.1.1. Biological data
Over the eight sampling events, 58 taxa of fish samples were
collected, belonging to one phylum, one class, seven orders, 19
families, and 50 genera. Fish were collected over 30 min in three
habitat types (i.e., pools, riffles, and runs) within a 500 m reach
along the river at each sampling site. Individuals caught from the
three habitats were combined to represent a site. In addition, electrofishing was conducted to ensure that a good representation of
fish species was collected at each site. All individuals collected
were identified to species where possible in situ as described by
Chen et al. (1997) and then counted, weighed, and recorded in field
data sheets. All identified fish were then released. A few specimens
that could not be identified in the field were preserved in 10%

C. Zhao et al. / Journal of Hydrology 560 (2018) 1–10

formalin solution and stored in labeled jars for subsequent identification (Zhao et al., 2015a).
Among all fish in the eight samplings, Opsariichthys bidens and
Carassius auratus are widely distributed in East Asia, with high economic value and high tolerance to hypoxia. O. bidens is often used
as an experimental target for cytogenetic and artificial propagation
(Fu et al., 2012; Lin et al., 2016; Zhang et al., 2014). In addition, C.
auratus has strong adaptability and plays an important role in
freshwater aquaculture and genetics experiments in China
(Dasgupta et al., 2016; Zeng et al., 2016; Topal et al., 2017). Therefore, the two fish species have attracted wide attention from scholars and stakeholders. These two fish species were present in food
webs in all the eight field sampling events while other fish species
were absent in one or more of the sampling events resulting in
incomplete data series. Hence we took O. bidens and C. auratus as
examples to set up models of ecosystem dynamics and to explore
human influences on them.
At each sampling site other organisms including algae, zooplankton and zoobenthos were collected and appropriately preserved., All aquatic organisms were sorted, weighed and
classified in the laboratory; details on the collection methods for
each group of organisms are provided in Zhao et al. (2012, 2013,
2015a,b). For the algae, 175 taxa were collected, belonging to eight
phyla, ten classes, 18 orders, 28 families, and 30 genera; for the
zooplankton, 90 taxa were collected, belonging to three phyla, four
classes, 11 orders, 16 families, and 38 genera; and for the zoobenthos 73 taxa were collected, belonging to three phyla, six classes,
12 orders, 26 families, and 50 genera.
3.1.2. Hydrological and water quality data and principal factors
driving the fish community
Hydrological and water quality (physical, and chemical) factors
are directly related to the survival of the fish community (Barbour
et al., 1999; Palmer and Febria, 2012). Table 1 shows the hydrological and water quality factors measured. Water samples for chemical analyses were collected at the monitoring sites and tested in
the laboratory within 24 h. A spectrophotometer (DR5000) was
used to measure ammonia nitrogen, total phosphorus, total nitrogen, and hexavalent chromium; an atomic absorption spectrophotometer (Thermo M6) was used to test for copper, zinc, cadmium,
and lead, and an ion chromatograph (DIONEX-600) was employed
to measure sulfate, fluoride, chloride, and nitrate concentrations.
Additional details of the analytical methods can be found in Zhao
et al. (2015a).
We analyzed the influencing effects of hydrological and water
quality attributes on fish communities using Canonical Correspondence Analysis (CCA) in another of our papers (Zhao et al., 2018)
along with driving factors on zoobenthos communities. It was
shown that, (1) The hydrological factors contributing to significant
differences in fish distribution in Jinan were velocity, water depth,
and flow. Similarly, Duan et al. (2008) showed that velocity, water
depth, and streamflow played important roles in breeding and survival of fish. Carnivorous fish usually gather in areas with fast
velocity (Marchetti and Moyle, 2001; Wu et al., 2014). (2) The
water quality physical factors contributing to significant differences in fish distribution in Jinan City were conductivity, turbidity,
water temperature, and pH. These findings are similar to those
reported by Yang et al. (2007) and Liu et al. (2016). Conductivity
had the most effect on fish distribution. Similarly, Qian et al.
(2016) showed that conductivity significantly influenced aquatic
biota. Additionally, the distribution of fish communities was
affected by turbidity and water temperature, whereby turbidity
constrained the predators, and thus affected the migration of fish
(Pekcanhekim et al., 2010). Moreover, high water temperature
had a negative impact on some fish species (Coulter et al., 2014).
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(3) The water quality chemical factors contributing to significant
differences in fish distribution in Jinan City were permanganate
index, chemical oxygen demand, calcium, sulfate, and total hardness. Chemical oxygen demand was able to characterize the status
of the water environment well (Marchetti and Moyle, 2001; Wu
et al., 2014), and there was a significant relationship between C.
auratus and chemical oxygen demand. This species is often found
in waters with high chemical oxygen demand values.
The above studies indicate that the driving factors for fish communities in our study area have been sufficiently demonstrated.
Based on these studies water depth and velocity, conductivity, turbidity, calcium, sulfate, total hardness, chemical oxygen demand,
and permanganate were selected as the principal driving factors
for fish in this study (Table 2) to explore the effects of multiple
habitat factors on fish in rivers.
Among the selected principal driving factors (Fig. 2) velocity
had a larger range than water depth (Fig. 2a), while the five chemical factors had different concentrations; calcium and sulfate
showed greater average concentrations than that of total hardness,
chemical oxygen demand and permanganate. The maximum velocity was 0.95 m/s and the minimum was 0.09 m/s; the average
water depth was 0.15 m while the average velocity was 0.44 m/s;
the range of conductivity was the largest (386–765 mS/m) with
an average of 548.38 mS/m; the maximum turbidity was 3.59°
and minimum is 1.2° with the average being 2.73°.

3.2. Method
In this study, food web models corresponding to the eight sampling events at all sites, totaling 208 models, were constructed and
calibrated using the software Ecopath With Ecosim (EWE).1
whereby to simulate the development processes of fish without disturbance. These models, along with actual sampling results, were
then used to calculate the difference in biomass (DB) of fish species
between the results of the simulation and the actual sampling. The
difference shows the change in the ecosystem under disturbance
scenarios. Based on the selected principal factors influencing fish
species in the study area, the relationship between changes in the
biomass of key species, and changes in the principal factors (DFi)
was estimated by principal component regression, to clarify the
quantitative response relationship between key species and principal driving factors.
The development of the river ecosystem food web without the
influence of human activities was initially simulated with Ecosim.
As the principal habitat factors affecting river species, the hydrological and water quality status was always affected by external
disturbance in reality. In order to quantify the impact of external
disturbance, food web models corresponding to the eight samplings at all sites, totaling up to 456 models, were constructed
and calibrated in EWE software. In these models aquatic sampling
data from 2014 to 2016 were used. Ecosim was used to study the
development of ecosystems without external disturbance, with
which the actual sampling results were compared to calculate
the influence of external disturbances on biological development
(Fig. 3).
Ecosim is a module of the EWE software, which can simulate
the dynamic development process at the ecosystem level. It is
commonly used by the international community to evaluate the
impact of fisheries on ecosystems and to explore the consequences
of policy options. Ecosim is considered a new core tool for use in
water ecosystems research by many ecologists (Essington, 2007;
Colvin et al., 2015; Du et al., 2015). The basic mathematical
equation is as follows:
1

http://ecopath.org/
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Table 1
Water quality data in Jinan City during the eight field campaigns from 2014 to 2016.
NO.

Parameter

Abbreviation

Range

SD

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26

Ammonia nitrogen
Anion Surface
Bicarbonate
Biochemical Oxygen Demand
Calcium
Carbonate
Chemical Oxygen Demand
Chlorine
Conductivity
Cyanide
Dissolved Oxygen
Fluoride
Natrium
Nitrate
Nitrite
Permanganate index
pH
Potassium
Sulfate
Sulfide
Total Alkalinity
Total Hardness
Total Nitrogen
Total Phosphorus
Turbidity
Volatile Phenol

NH3-N
AS
HCO
3
BOD
2+
Ca
CO2
3
COD_Cr

Cl
Cond
Cya
DO
F
Na+
NO3-N
NO2-N
COD_Mn
pH
K+
SO2
4
S
TA
TH
TN
TP
Turb
VP

0.03–75.80
0–3.48
0–2247
0–57.50
0.99–486
0–38.50
0–275
0.99–1156
287–57756
0–0.02
0–13.50
0.18–2.51
0–109
0–22.00
0–1.97
0.57–71.50
6.90–9.30
0–767
0–1046
0–1.29
0.99–1057
0.99–1400
0.25–80.03
0–8.06
0.52–924
0–0.16

4.85
0.34
149
4.83
56
4.93
23.74
165
852
0.001
2.25
0.34
7.9
3.34
0.25
5.84
0.39
117
170
0.11
87
222
6.07
0.68
103
0.22

**a. The other 10 heavy metal ions, e.g., copper, zinc, lead, were below detection and they are therefore omitted.
**b. All units except Turb (deg), pH and Cond (mS/m) of the chemical attributes are in mg/L.

Table 2
Principal factors affecting fish communities.
Principal driving factor
Hydrological factors
Water quality physical factors
Water quality chemical factors

dBi =dt ¼ g i

X

Water depth, velocity
Conductivity, turbidity
Calcium, chemical oxygen demand,
sulfate, total hardness, and Permanganate

Q ji  MOi Bi  F i Bi  ei Bi 

n
X
Q ji þ Ii

ð1Þ

j¼1

where dBi/dt represents the growth rate during the time interval dt,
of group (i), in terms of its biomass, Bi; gi is the net growth efficiency

1.0

8

(a)

(production/consumption ratio); M0i the non-predation (‘other’)
natural mortality rate; Fi is fishing mortality rate; ei is emigration
rate; Ii is immigration rate, (and eiBi-Ii is the net migration rate).
The two summations estimate consumption rates, the first expressing the total consumption by group (i), and the second is predation
by all predators on the same group (i). The consumption rates, Qji,
are calculated based on the ‘foraging arena’ concept, where
Bi is divided into vulnerable and non-vulnerable components,
and the transfer rate between these two components thus
determines whether control is top-down, bottom-up, or of an
intermediate type.
Eight food web models at each site corresponding to the eight
sampling events (05/2014, 08/2014, 11/2014, 05/2015, 09/2015,
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(b)

8

0.8

0.6

0.4

Chemical facters Range

6
Physical factors Range

Hydrologic factors Range

(c)

4

2

6

4

2

0.2
0
0.0

0
Water Depth Velocity

Conductivity Turbidity

Calcium Sulfate

TH

COD

Perm

Fig. 2. Principal factors driving fish communities: (a) Hydrological factors – water depth (m), velocity (m/s); (b) Water quality physical factors – conductivity (mS/m),
turbidity (degree); (c) Water quality chemical factors – calcium, sulfate, total hardness (TH), COD, permanganate (Perm), all in mg/L.
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Compare the simulated biomass with
measured biomass

05/2016
10/2015
09/2015
05/2015
11/2014

07/2016
07/2016
07/2016
07/2016
07/2016
07/2016

08/2014
05/2014

07/2016

Simulate by Ecosim

Fig. 3. Ecosim simulation framework. The date on the left ladder represents the
initial time for river ecosystem development simulation by using Ecosim; and the
right side date of ‘‘07/2016” represents the end time for simulation; both of initial
and end times are determined based on the actual field sampling date.
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4. Results and discussion
4.1. Simulation of river ecosystem food web development without
external disturbances from human activities
The eight simulations with Ecosim are shown in Fig. 4. In general, the ecosystem was relatively stable under natural conditions.
The fluctuation range was less than ±4% within the simulation time
of the eight sampling scenarios. The biggest fluctuation took place
in the 10/2015 scenario (Fig. 4f) where the amplitude of change
and the simulation time were in the form of a power function. Conversely, the smallest fluctuation was in the 11/2014 scenario
(Fig. 4c) with fluctuations of only ±0.02%. Generally most simulation scenes were relatively stable without significant changes during the first simulation year. There was no obvious synergism
between the developmental trends in each plot, and the biomass
discretization of the functional groups gradually increased
throughout development.

4.2. Integrity and transformation of highly correlated hydrological and
water quality factors
10/2015, 05/2016, 07/2016) were initially set up. Afterwards, every
one of the eight food webs was driven by Ecosim to produce a new
food web without external disturbance for the rest of the samplings from its setup date to 07/2016 (Fig. 3). The modeled keyfish biomass in each new food web was then compared with the
measured biomass in the corresponding field samplings whereby
to calculate the biomass changes caused by external disturbance.
For example, the food web model of 05/2014 was driven by Ecosim
to predict the state of the food web on every sampling date from
August 2014 to July 2016, with time steps set at 1 month. Comparing the measured values (08/2014, 11/2014, 05/2015, 09/2015,
10/2015, 05/2016, 07/2016) with the simulated values, the differences between the measured and the simulated biomass for those
months were obtained. We used the following model to determine
the disturbance to fish caused by external factors:

DB ¼ Bmeasured  Bsimulated

ð2Þ

where Bmeasured stands for the measured biomass, Bsimulated refers to
the simulated biomass, in this study both units are t/km2.
After the disturbance to fish caused by external factors was calculated, the highly correlated hydrological and water quality factors were integrated and transformed by using PCA. In general
complex correlations exist among the principal habitat factors
driving the development of fish communities. If the principal factors are used to fit relationships between the fish species and principal driving factors, multi-collinearity of independent variables
may affect the reliability of the regression equation, which leads
to the coefficient of the principal factors being unable to accurately
reflect the actual contribution to biological changes. In this study,
PCA was used to reduce the principal factors. Since the principal
components obtained after dimension reduction are independent,
multi-collinearity of variables can be avoided (Qureshi et al., 2015).
A set of related variables were subjected to orthogonal transformation to generate a set of linearly independent variables. The
least information loss is the premise of PCA in which the original
variables are transformed into fewer principal components and
the principal components are not related to each other. The use
of principal components for data modeling can effectively solve
the variable information overlap, multi-collinearity, and other
problems associated with the analysis (Felipe-Sotelo et al., 2008;
Saba and Su, 2013).

Using the data obtained above, the mechanisms responsible
for the dynamic response of the principal factors were explored
mathematically, and the dynamic interactions between fish species and principal driving factors of river ecosystems were determined. Taking O. bidens and C. auratus as a case, we set up an
ecosystem dynamics model for them. Comparing Ecosim simulation results with the measured data, the changes in biomass of
the two species in Table 4 showed that the total measured biomass values of O. bidens in October 2014, May 2015, and
September 2015 were less than that of the simulated biomass
(negative values in the table), and the measured data in the
remaining months were greater than the simulated biomass
(positive values in the table). The actual biomass of C. auratus
was greater than that of the simulated biomass, indicating that
the biomass of the C. auratus community increased with human
activities (Table 3).
Fig. 5 shows that the difference in biomass (DB) of O. bidens
in the May 2014 scenario was mostly negative, that is, the
measured biomass was relatively low compared to the simulated biomass, and the simulated biomass of C. auratus was less
than the measured biomass in the May 2014 scenario. O. bidens
is a ferocious carnivore, and is at the top of the trophic level. C.
auratus is an omnivore, which mainly feeds on water plants
and algae and is located in the lower trophic level than O.
bidens. The actual biomass of O. bidens was less than the simulated biomass; however, the biomass C. auratus was opposite
to that of O. bidens, which reflects the fact that, to some extent,
human activities decreased nutrient levels, simplified the structure, and reduced the stability and resilience of ecosystems
(Deng et al., 2015).
The total variance explained by the initial solution (Table 4)
revealed that the cumulative variance of the first two principal
components was >87%, which is sufficient to describe the dependent variable, and the third component eigenvalue was less than
1. In addition, the slope of principal components 1 and 2 was greatest, as shown in Fig. 6. Therefore, this study nominated components 1 and 2 as the principal components.
The component matrix of the two principal components is
shown in Table 5. The eigenvalue of component 1 was 5.793, and
the eigenvalue of component 2 was 2.047. The coefficient of each
principal factor is shown in Table 6. Since the coefficient represents
the contribution of factors to the principal component, this shows
that conductivity and total hardness are major contributors to the
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Fig. 4. Predicted changes of biomass in the food web driven by Ecosim. Scenario data were obtained based on biological investigation in (a) 05/2014; (b) 08/2014; (c) 11/
2014; (d) 05/2015 e) 09/2015; (f) 10/2015; (g) 05/2016; (h) 07/2016. The X-axis represents the simulation time, and the Y-axis stands for the relative biomass without unit.
(For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

principal component F1. The velocity, permanganate index, and
chemical oxygen demand have major roles in the principal component F2.
Based on the coefficient of principal components shown in the
Table 5, two principal components can be formulated as follows:

F 1 ¼ 0:35Zx1  0:06Zx2 þ 0:41Zx3 þ 0:38Zx4 þ 0:38Zx5
þ 0:39Zx6 þ 0:4Zx7  0:26Zx8  0:21Zx9

ð3Þ

F 2 ¼ 0:21Zx1 þ 0:63Zx2  0:05Zx3  0:11Zx4  0:18Zx5
þ 0:19Zx6 þ 0:04Zx7 þ 0:43Zx8  0:54Zx9

ð4Þ

Here, the nine principal driving factors of fish communities
were transformed into two independent principal components by
PCA with most of information retained (87.12%), while the colinearity problem of the driving factors during the construction
of the model was eliminated and the accuracy of the model was
improved.
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Table 3
Biomass changes of fish by external disturbances from human activities. Unit: 103 t/km2.
O. bidens
05/2014
08/2014
11/2014
05/2015
09/2015
10/2015
05/2016
07/2016

1.51
1.12
1.63
1.87
1.22
0.24
1.10

C. auratus
08/2014
0.40
0.11
0.36
0.29
1.76
0.42

11/2014

0.51
0.76
0.11
1.36
0.01

05/2015

0.24
0.41
1.87
0.53

09/2015

0.65
2.11
0.77

10/2015

1.46
0.12

05/2016

05/2014

08/2014

11/2014

05/2015

09/2015

10/2015

05/2016

1.34

1.26
0.31
2.51
4.53
1.91
1.26
3.20

0.94
1.26
3.28
0.66
0.01
1.94

2.2
4.22
1.6
0.94
2.88

2.02
0.6
1.26
0.68

2.62
3.28
1.34

0.66
1.28

1.94

**Dates in the first line and first column represent the initial and ending time of ecosystem simulation by Ecosim, respectively. Data in the table indicate the difference
between the simulated and actual biomass of fish, i.e., the biomass change caused by external disturbance from human activities.

0.005
0.004

ΔB (t/km2)

0.003
0.002
0.001
0
-0.001
-0.002

Time
Opsariichthys bidens Gunther

Carassius auratus

Fig. 5. Difference between the measured and simulated biomass of fish species in
the 05/2014 scenario. The upward direction of the Y-axis shows that the measured
biomass increased relative to the simulated biomass, downward direction shows
conversely.

Table 4
The total variance explained by the initial solution.
Ingredients

1
2
3
4
5
6

Initial eigenvalue
Total

Variance%

Cumulative%

5.79
2.05
0.60
0.44
0.09
0.03

64.37
22.74
6.70
4.86
1.02
0.31

64.37
87.12*
93.81
98.68
99.69
100

*
The cumulative variance of the first two principal components has reached
87.12%, and it is enough to describe the dependent variable.

4.3. Establishment and validation of our model
As the two principal components (F1 and F2) can replace the
original nine variables, the relationship between DB and the two
principle components was formulated to clarify the mechanisms
driving water ecosystem development, and to speculate the biological status by hydrology and water quality factors. As such, a unified formula of biomass variation and principal components F1
and F2 of O. bidens and C. auratus was developed, i.e., the relationship between the change in biomass and the change in principal
factors can be expressed in a unified form:

DB ¼ p1 þ p2 F 21 þ p3 eF 2

ð5Þ

Fig. 6. Determination of principal components. The red circle displays the two
components selected as the principal components. (For interpretation of the
references to colour in this figure legend, the reader is referred to the web version of
this article.)

where DB is the change in fish biomass; F 1 , F 2 refer to the two principal components; p1 ; p2 ; p3 are coefficients. The calibrated coefficients and statistical parameters for the two fish species are
shown in Table 6. The root mean squared error (RMSE) of the
regression curve was 0.17 for O. bidens and 0.14 for C. auratus; the
sum of squared errors (SSE) was 0.86 and 0.59 for the two species,
respectively; while R-square was 0.56 and 0.57 respectively. The
RMSE of the C. auratus simulation was slightly smaller than that
of O. bidens, which means the biomass simulation for the former
species is more accurate than for the latter species.
Comparison of the field measured DB and simulated DB using
Eq. (5) revealed close values (Fig. 7). The trend line for the results
predicted for C. auratus according to our model (X-axis) and the
observed DB (Y-axis) was y ¼ 0:92x þ 1:47 with a R2 of 0.87, and
a RMSE of 0.11 (Fig. 7a). Levene’s test for equality of variances
revealed that simulated DB has the same distribution as that of
the observed DB (F = 0.05 < F2,54 = 3.17, P > 0.05), and the two data
sets are considered to have homogeneity of variance. Results of the
paired-samples t-test revealed that the means of the two data sets
were equal at significance level of 5% (t = 0.37 < t0.05/(2,27) = 2.05,
P > 0.05). The trend line of the results predicted for O. bidens
according to our model (X-axis) and for observed DB (Y-axis)
was y ¼ 1:08x  0:06 with a R2 of 0.79 and a RMSE of 3.14
(Fig. 7b). Levene’s test for equality of variances revealed that the
simulated DB has the same distribution as the observed DB: F =
0.09 < F2,54 = 3.17, P > 0.05, which implies that the two data sets
have homogeneity of variance. Results of the paired-samples ttest revealed that the means of the two data sets were equal at significance level of 5% (t = 0.52 < t0.05/(2,27) = 2.05, P > 0.05). The
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Table 5
Component matrix of the selected two principal components.
No.

Variable name

Meaning

First component coefficient

Second component coefficient

1
2
3
4
5
6
7
8
9

Zx1
Zx2
Zx3
Zx4
Zx5
Zx6
Zx7
Zx8
Zx9

D
D
D
D
D
D
D
D
D

0.35
0.06
0.41
0.38
0.38
0.39
0.4
0.26
0.21

0.21
0.63
0.05
0.11
0.18
0.19
0.04
0.43
0.54

(Water depth)
Velocity
Conductivity
Turbidity
Calcium
Sulfate
(Total Hardness)
(Chemical Oxygen Demand)
(Permanganate index)

mechanisms in river ecosystems for the purpose of practical use.
Based on theories that are easy to understand instead of complex
mechanism theories our methodology has modest requirements
for assembling information and scientific expertise, which makes
it easy to be put into practice. It is expected to be applied to help
determine the effect of hydrological and water quality change on
river ecosystems, and therefore, to provide a scientific basis for
decision making by river administrators and stakeholders.

Table 6
Calibrated coefficients and parameters for calculation of fish biomass change.
O. bidens

C. auratus

*

p1

0.99*
1.29*
0.61
1.21
0.14
0.59
0.57

1.27
1.47*
0.62
1.45
0.17
0.86
0.56

p2
p3
RMSE**
SSE**
R-Square

*
If (F1 + F2)/2 < 0.5, p1 is 1.27 for O. bidens and 0.99 for C. auratus; otherwise, p1 is
1.47 for O. bidens and 1.29 for C. auratus.
**
RMSE – Root Mean Square Error. SSE – Sum of Squares for Error.

fitted results matched the measured DB well, which suggests that
Eq. (5) can be used to accurately calculate DB of fish species with
the principal components F1 and F2.
Many scholars contributed significantly to aquatic biogeochemical modeling yet improvements are still needed. Chen et al. (2002)
developed a coupled physical and biological model for Lake Michigan with good performance; yet the model is not easy to be put
into practice due to difficulties in data acquisition. Arhonditsis
and Brett (2004); Arhonditsis et al. (2006) evaluated the development of mechanistic aquatic biogeochemical modeling and
believed the mechanistic model still needs to be insightful
explored. Vera-Mendoza and Salas-de-León (2014), Middelburg
and Levin (2009) and Sell (2004) also made significant contributions to biochemical and physical mechanism models, yet there
is still much work to be done to accurately model the complex

1.0

In this study Ecosim was used to simulate the development of
ecosystems without hydrological and water quality habitat disturbances from human activities, with results of which we explored
the effects of habitat (hydrological, water quality physical and
chemical) factors on fish using PCA and other statistical methods.
Results show that, the relationship between the change in biomass
(DB), and the principal components (F1 and F2) composed by the
change in key habitat factors can be formulated as

DB ¼ p1 þ p2 F 21 þ p3 eF 2 where the coefficients (p1, p2, p3) vary with
fish species. The simulated DB matched the observed DB well for
both species, O. bidens and C. auratus. Levene’s test for equality of
variances revealed that the simulated DB had the same distribution as that of the observed DB. Further, t-test revealed that there
were no statistical significant differences between the simulated
and observed DB. It is possible to employ this model to accurately
calculate the biomass change of fish species using the key habitat
factors derived principal components.
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Fig. 7. Comparison of measured and simulated DB of (a) C. auratus and (b) O. bidens. The X-axis represents the measured DB and Y-axis represents the simulated DB, both of
which were normalized by the max–min method; the data were grouped at 0.1 intervals for a clear observation of data distribution characteristics; the circle with error bar
represents the average of each group and the error bar represents the variance of data in each group; circle without error bar means there was only one point in that group.
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In this paper only the representative fish species O. bidens and C.
auratus were studied, based on the data of which the model
between biomass and habitat changes was developed, and it performed satisfactorily. However, the study on only two fish species
inevitably brings about some uncertainties in the results. Therefore, long-term monitoring for fish and habitat factors, to provide
sufficiently long data series, is necessary in the future research.
In addition to biomass, others variables indicating the status of
the fish community, e.g., biodiversity, integrated biological index,
and density, also require in depth research. These should enhance
the extent of application of our model in future.
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