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A B S T R A C T

After reviewing the species- and community-level ecological risk assessments (ERAs) of chemicals in the aquatic
environment, the present study attempted to propose a third stage of ERA, i.e., the ecosystem-level ERA. Based
on the species sensitivity distribution model (SSD) and thermodynamic theory, the exergy and biomass in-
dicators of communities from various trophic levels (TLs) were introduced to improve ecological connotation of
SSDs. The species were classified into three TLs based on algae (TL1), invertebrates (TL2), and vertebrates (TL3),
and the weight of each TL was determined based on relative biomass and β value, which indicated a holistic
contribution of each species or community to the ecosystem. Then, a system-level ERA protocol was successfully
established, and the community- and system-level ecological risks of 10 typical toxic micro-organic pollutants in
the western area of Lake Chaohu and its inflowing rivers were evaluated. System-level ERA curves (ExSSD) were
mainly affected by the community-level SSD at TL2 for most chemicals in the present study. The uncertain
boundary of ExSSD was mostly related to TLs with a wider uncertain boundary, but had little relation to the
weight of each TL. The results of system-level ERAs revealed that dibutyl phthalate had the highest eco-risk,
whereas γ-hexachlorocyclohexane presented the lowest eco-risk. Results of the system-level ERA were not fully
consistent with the those of community-level ERA owing to the lack of a sufficient dataset, SSD model type, and
ecosystem structure, as indicated by the weight of each TL. The successful application of ExSSD in Lake Chaohu
signifies the start of the third stage of ERA at the system-level, and it also provides a scientific basis for eco-
system-level ERA, aquatic ecosystem protection, and future water safety management. However, there were
some limitations, including sufficient data dependence, neglect of ecological interactions, and neglect of en-
vironmental parameters such as natural organic matter. We propose to employ toxicogenomics to enrich the
toxicity database, to simulate the interaction using the ecological dynamic model, and to introduce the chemical
fate model into the system-level ERA.

1. Introduction

Ecological risk assessments (ERAs) are typically used to assess the
degree of hazard posed by chemicals to species, communities and sys-
tems in ecosystems. To date, as shown in Fig. 1, most studies have fo-
cused on the first two stages of ERA at species- and community-levels
(De Laender et al., 2008; Duboudin et al., 2004; Forbes and Calow,

2002; Newman et al., 2000; Vandegehuchte et al., 2007). In the first
stage, the species-level is based on the acquisition of eco-toxicity data,
and traditional toxicity tests have long been used. The toxicity end-
points of the tested organisms are generally determined by setting
gradient concentrations, plotting dose-effect curves, and calculating the
endpoints (Cleuvers, 2003). With the development of toxicogenomics
technology, such as CRISPR-Cas9 functional genomic screening (Reczek
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et al., 2017), monitoring of reduced transcriptomes (Zhang et al.,
2018), and gene chips (EcoToxChips) (Basu et al., 2019), novel toxicity
tests based on micro-toxicity mechanisms of chemicals to cells, pro-
teins, and nucleic acids, in combination with large data platforms
(EcoToxXplorer), are promising technologies in the first stage of ERA

for chemicals (Basu et al., 2019; Zhang et al., 2018). Nevertheless, due
to the continuous synthesis of new chemicals, especially organic che-
micals, and the variation in toxicity of chemicals to each species, it
remains laborious and time-consuming to determine the toxicity of
those chemicals by traditional toxicity testing methods and

Percent of exceedance
of the toxicity 

fotnecreP
seiceps

Chemicals’ 
laboratory

concentra on

C1 C2

…

Cn

1. Tradi onal toxicity test
Concentra on

E
ec

t

Endpoint (NOEC)

2. Toxicogenomics technology

Cx EcoToxChips EcoToxXplorer

3. QSAR toxicity evalua on

= f (      )
Chemicals without 

toxic data
QSAR tools 

(TEST, ECOSAR)
Toxicity
(LC50)

Sensi ve or 
representa ve species

(e.g., green algae, water 
ea, zebra sh, fathead 

minnow)

The 1st stage
Species-level

Species sensi vity 
distribu on (SSD) 

model

The 2nd stage
Community level

Toxic 
Endpoints

1. General handling processes

Database ECOTOX, RTECS, PAN, TOXNET, ECOSAR, etc

Concentra on

FAP

SSD models: Log normal, Log logis c, Burr III
Weibull, ReWeibull, etc

Uncertainty analysis: Bayesian inference

PAF – poten al a ected frac on
HC – hazardous concentra on
PNEC – predicted no-e ect concentra on

2. Deriva ve assessment methods

Chemicals’
environmental 
concentra on

Concentra on

ytilibaborP

Concentra on

FAP

SSD of exposure SSD of toxicity Joint probability curve

MOS
ORP

SSD combined with 
thermodynamic index 

exergy

The 3rd stage
System level

3. SSDs of various community groups

Algae Invertebrate Vertebrate

Concentra on

FAP

Concentra on

PA
F

Concentra on

PA
FCommunity 

level
Eco-risk

Community 
structure of 
ecosystem

System
level

Eco-risk

SSD1 SSD2 SSD3

SSDs of various community groups

Wi
GSZ

biP/B
P

Biomass Exergy index

Rela ve exergy varia on ( Ex)

Fig. 1. Development stage of ecological risk assessment (ERA) (first stage, species-level, aiming to obtain toxicity data; second stage, community-level, aiming to
establish water quality benchmarks and controlling the risk of chemicals; third stage, system level, aiming to protect aquatic ecosystems).
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toxicogenomics technology. Furthermore, toxicity tests using animals
are widely disapproved and criticized by animal rights ethicists
(Ferdowsian and Beck, 2011). Therefore, quantitative structure-activity
relationship (QSAR) has become a promising and valuable tool to es-
timate the toxicity of chemicals. Software, such as Toxicity Estimation
Software Tool (TEST) and Ecological Structure Activity Relationships
(ECOSAR) developed by the US EPA, can predict the eco-toxicity of
some representative species (e.g., green algae, water flea, zebrafish, and
fathead minnow) (Benfenati et al., 2009; Sanderson et al., 2003).

The toxicity database and prediction software, which are based on
persistent work in the first stage, can expand the application of the ERA.
It helps to assess the community-level ecological risk (eco-risk) and to
apply toxicity data for chemicals from various species in environmental
risk management such as benchmarking for each chemicals and
screening priority control chemicals (He et al., 2014a; Hope, 2006).
Popular databases include the ECOTOX database (https://cfpub.epa.
gov/ecotox/), the Registry of Toxic Effects of Chemical Substances
database (RTECS, http://ccinfoweb.ccohs.ca/rtecs/search.html), the
Pesticide Action Network (PAN, http://www.panna.org/), and the
Toxicology Data Network (TOXNET, https://toxnet.nlm.nih.gov/).
Species Sensitivity Distribution (SSD) is a dose-effect ERA model at the
community-level. Its abscissa is chemicals′ concentration, and its ordi-
nate is the potential affected proportion (PAF) of the community, i.e.,
eco-risk. According to the assumed proportion (e.g., 95%) of protected
species in the community, the predicted no-effect concentration (PNEC)
is computed by the SSD to measure the potential hazardous degree (Kim
and Choi, 2014). Risk quotients calculated by the ratio of measured
environmental concentration (MEC) to the PNEC are typically used to
evaluate the eco-risk of chemicals (Hanna et al., 2018; Kim et al., 2007).
SSD was first used by US EPA to establish water quality benchmarks in
the 1980s, and has been widely used in ERA (He et al., 2014a; He et al.,
2014b; Liu et al., 2012; Qin et al., 2013; Solomon et al., 2000; Steen
et al., 1999; Xu et al., 2015). The SSD model can be used to calculate
the eco-risk of single organic pollutant, as well as eco-risk of multiple
mixtures of chemicals through response addition and concentration
addition (Faust et al., 2000; Rodney et al., 2013). Because SSD relies
largely on the quantity and quality of toxicity data and model types,
there is a lot of uncertainty when toxicity data are missing or when
models are mismatched (Aldenberg and Jaworska, 2000; Forbes and
Calow, 2002; Forbes et al., 2001). To overcome those shortcomings,
SSD models are gradually supplemented by Weibull, Burr III, and Re-
Weibull models (a special case of Burr III) (He et al., 2014a; He et al.,
2014b). Whereas previously, Log Normal and Log Logistic models were
generally used (Fisher and Burton, 2003; Newman et al., 2000;
Solomon et al., 2000; Solomon et al., 1996; Wang et al., 2010). Baye-
sian inference is introduced into the SSD model to quantitatively de-
termine the uncertainty caused by data quality and model types
(Aldenberg and Jaworska, 2000; Grist et al., 2006; Verdonck et al.,
2000). Because SSDs are cumulative probability distribution functions,
like Log normal or Weibull, the statistical distribution curves of en-
vironmental concentrations can be fitted using SSD. With the toxicity
SSD and exposure SSD, a joint probability curve (JPC) is presented as a
derivative method under the framework of ERA (Solomon et al., 2000;
Wang et al., 2010). The JPC connects the affected species and en-
vironmental variation of chemicals, and the integral areas under the
JPC curves, namely, the overall risk probability (ORP), is a valuable
eco-risk indicator (Wang et al., 2009). Another alternative indicator,
the margin of safety (MOS10), which is calculated by dividing the 10th
percentile for SSD of eco-toxicity data by the 90th percentile for the
cumulative distribution of exposure data, is also calculated to assess the
eco-risks of chemicals (He et al., 2012; Zolezzi et al., 2005). In recent
years, to assess the harmfulness of chemicals to various communities,
species in those communities have been grouped into algae, in-
vertebrates and vertebrate, and the subsequent construction of their
SSD models is performed (Liu et al., 2012; Wang et al., 2018).

Compared with the ERA at the species-level, that at community-

level effectively utilizes the toxicity data in the previous stage, and
evaluates the different effects of chemicals on communities, providing a
scientific basis such as a benchmarking value and eco-risk to protect
aquatic ecosystems. Using the SSD models in the 2nd stage, Zhang et al.
(2018) also developed a promising environmental DNA (eDNA) meta-
barcoding technology to assess the community-level eco-risks of che-
micals. Although the ERA based on SSD has made considerable pro-
gress, there are still some shortcomings. In the book ‘Species sensitivity
distributions in ecotoxicology’ edited by Posthuma et al. (2002), the au-
thors summarized the drawbacks of SSD, including concepts and usage,
data and ecological relevance, toxicology and statistics. Among these,
ecological relevance is an urgent and challenging problem for the future
(De Laender et al., 2008). The present SSD framework does not consider
the structure and composition of various communities in the ecosystem,
which decides the ecosystem function (Posthuma et al., 2002). Thus,
the present ERA is confined to the 2nd stage, which can only evaluate
the community-level eco-risk of chemicals.

Exergy is a thermodynamic index used widely to analyze energy
utilization, transfer and transformation processes in industrial systems,
and was introduced into ecology in the late 1970s (Jørgensen and
Mejer, 1979). Exergy is defined as the most useful work that energy can
do when an ecosystem reaches its thermodynamic equilibrium state
relative to its environment from an organized and distant equilibrium
state; it represents the distance between the current state of the system
and the thermodynamic equilibrium state, and is a goal function that
predicts the evolution and development of the ecosystem (Jørgensen
and Mejer, 1979). Exergy has been used widely to measure the maturity
(or complexity) of ecosystems (Christensen, 1995), the quality of
system energy (Patten, 1995), the level of survival and evolution of
organisms at the system-level (Jørgensen, 1995), the level of informa-
tion contained in the system (Jørgensen and Svirezhev, 2004), and the
system-level efficiency of different ecological processes (Zhou et al.,
1996), In addition, it has been used to test the system oscillation, op-
timum species, resource acquisition and living environment under
natural selection pressure from the time dimension in ecology
(Bastianoni and Marchettini, 1997). A considerable amount of research
over the past 30 years, has resulted in the construction of a relatively
complete theoretical and methodological system of exergy analysis
(Jørgensen, 2002; Jørgensen and Svirezhev, 2004). It is considered one
of the most successful theoretical methods to study the complexity,
stability, and self-organization level of ecosystems, the transformation,
flow, and transmission of matter, energy and information in the process
of evolution and development, which has epistemological and metho-
dological significance (Pykh et al., 2000). The application of exergy
theory in lake ecology solves the difficulty of quantitative research on
lake ecosystem level, and makes it possible to simulate and predict the
changes of lake ecosystem structure and function. For example, as a
system-level indicator, the exergy index can reflect the ecological
conditions of lakes (Jørgensen et al., 1995), the impact of toxic pollu-
tants on lake ecosystems (Silow, 1999; Xu et al., 2002), the develop-
ment status of lake ecosystems (or eutrophication status) (Ludovisi and
Poletti, 2003; Ludovisi and Poletti, 2006; Xu, 1996), and the health
status of lake ecosystems (Xu et al., 2001; Xu et al., 2005).

Variation in system exergy is closely related to community structure
and species′ biomasses, and environmental pollution would damage the
community structure and reduce the biomass. Therefore, in theory,
exergy should be able to describe the system-level eco-risk caused by
environmental pollution. However, to date there have been no attempts
to connect exergy theory with the ERA. Based on the ERA of various
communities in the second stage, and the status of each sub-community
in the ecosystem, which is determined by exergy and biomass indexes,
this study attempted to develop the ERA method in the third stage, in
order to make the ERA output more ecologically relevant and establish
the system-level ERA. Specifically, SSDs of various trophic levels and
exergy-relevant weights were combined to construct a system-level
ERA, and a case study of typical micro-organic pollutants in lake areas
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and inflowing rivers of the western Lake Chaohu during dry and wet
seasons was performed to clarify the potential applicability.

2. Methods

2.1. General procedures for system-level ecological risk assessment

As shown in Fig. 2, The general procedures of ERA at the system-
level include: (1) the collection of the toxicity data from popular da-
tabases such as ECOTOX (Section 2.2.1); (2) screening the data ac-
cording to the assigned toxicity endpoint, exposure media, and ex-
posure duration (Section 2.2.1); (3) classification of chemical toxicity
data into three trophic levels (TLs) according to algae (TL1), in-
vertebrates (TL2), and vertebrates (TL3); (4) the separate development
and optimization of community-level SSD models of each TL by BMC-
SSD or other SSD modelling tools (Section 2.2.2); (5) and (6) calcu-
lating the community-level eco-risks using the optimized SSDs and the
measured environmental exposure data of each chemicals; (7) de-
termination of the exergy-relevant weight (ki) based on the relative
biomass and exergy values of organisms from the three TLs (Section
2.3); (8) calculation of the relative exergy variation (δEx) according to
Eq. (1) and completion of modelling; (9) computing the system-level
eco-risk using the measured environmental exposure data of each
chemical.

The relative exergy variation (δEx) was used to represent the eco-
risk at the system-level (Eq. (1)).

∑= −δEx PAF k
i

i i
(1)

where, PAFi is the community-level eco-risk. A δEx value of −1 in-
dicates a collapsing ecosystem, and 0 indicates a healthy ecosystem.

2.2. Development of the SSD model

2.2.1. Collection, screening, and grouping of toxicity data
Currently, the US EPA ECOTOX database contains acute and chronic

toxicity data for chemicals collected worldwide, and is constantly up-
dated, which provides basic data for SSD model construction. Due to
the different species composition of ecosystems, variation in the toler-
ance of similar species to pollutants in different countries, differences
between global toxicity databases and regional toxicity data, and var-
iation between toxicity data measured in the field and in the lab,
toxicity data should be carefully screened with consistent toxicity end-
points, exposure environments, exposure time, and handling methods
for several endpoints from the same species (Duboudin et al., 2004). In
the present study, acute toxicity data were selected using the 50% ef-
fective concentration (EC50) or 50% lethal concentration (LC50) as a
toxicity endpoint, with freshwater environment in the laboratory as the
exposure environment, and exposure time within 10 days. The geo-
metric mean was used to estimate the mean value of different toxicity
data from the same species. Based on species categories provided by the
ECOTOX database, algae as well as moss, fungi, flowers, trees, shrubs,
and ferns were grouped into TL1, invertebrates, including insects/spi-
ders, mollusks, worms, crustaceans, and other invertebrates, were
grouped into TL2, and vertebrates, including amphibians, birds, rep-
tiles, mammals, and fish, were grouped into TL3.

2.2.2. Development and optimization of SSDs
BMC-SSD software, developed by our research group was used to

construct and optimize the SSD model (He et al., 2014b) (Fig. 3A,
Section 2.4). Briefly, the probability (PR) was calculated based on
toxicity data, using the formula: PR=R/(N+ 1), where, R is the rank
of toxicity or exposure data for a chemical, and N is the number of
species; The SSD model (Burr III, Log-logistic, Log-normal, ReWeibull
and Weibull) parameters were estimated using Markov Chain – Monto
Caro (MCMC) sampling and Bayesian inference (Grist et al., 2006; Hose

Fig. 2. Flow chart for the system-level ecological risk assessment.
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Fig. 3. BMC-SSD software interface (A) and framework (B) of data input, handling, and output.

W. He, et al. Environment International 133 (2019) 105275

5



and Van den Brink, 2004; Solomon et al., 1996); deviance information
criterion (DIC) was used to screen the best model (He et al., 2014a; He
et al., 2014b; Spiegelhalter et al., 2002); generally, models with the
lowest DIC values had the best fitting performance (Fig. 3B).

2.2.3. Uncertainty analysis
Generally, uncertainty boundaries of the SSD model are estimated

by Monte Carlo sampling of the posterior distribution of parameters
(Aldenberg and Jaworska, 2000; Xu et al., 2015). The BMC-SSD soft-
ware used in this study can obtain the posterior distribution set of
parameters. When calculating the uncertain boundary, eco-risks, ha-
zardous concentrations, and SSD curves were first calculated by the
parameter groups in the posterior distribution. The 2.5th, 50th, and
97.5th percentiles of the assembled SSD curves and indicators were
calculated by statistical analysis. The 95% credible interval (CI) was
defined by the range of 2.5th – 97.5th percentiles, and the 50th per-
centile (median) indicated the mean value. Our previous findings
showed that the median SSD determined by the median of SSD curves
plotted by parameters can best fit the toxicity data points (He et al.,
2014a).

2.3. Calculation of relative exergy variation (ΔEx)

2.3.1. Principle and formula deduction
The extent of ecosystem damage can be expressed by variation in

the relative exergy (ΔEx) between initial exergy (Ex0) and affected ex-
ergy (Ex1), as shown in Eq. (2).

∑ ∑= − = −Ex Ex Ex B W B WΔ
i

i i
i

i i1 0 1, 0,
(2)

where, the ratio of biomass loss for each species (i) (B0,i ,B1,i) can be
expressed by the dose-effect curve F(c) (Eq. (3)).

= − = − =B B F c B F c B B( ) (1 ( ))  0.5i i i i i i i1, 0, 0, 0, 0, (3)

In general, the L(E)C50 was used to determine tolerance of each
species to toxicity of the pollutants, when c=L(E) C50, 50% of the
biomass died, F (c)= 0.5. Because it was difficult to obtain the biomass
of each organism in an ecosystem, this study assumed that organisms in
a system could be divided into three categories: algae, invertebrates,
and vertebrates, corresponding to the three community sets identified
in Section 2.2.1, namely TL1, TL2, and TL3 in the ecosystem. For a
particular set of communities (i), which is composed of different species
(j), their biomass is assumed to be similar, and their average is used
(Bi,mean), B1,i is composed of the biomass (∑ B

j
i mean,

1

) of unaffected spe-

cies (j1) and the biomass (∑ B
j

i mean,
2

) of affected species (j2). The affected

species account for PAFi of the total species (j1+ j2). Thus, B1,i is as
follows (Eq. (4)):

= ∑ + ∑

= − ∑ +

= − ∑ = −

+

∑

+

+

B B

PAF B PAF

PAF B PAF B

(1 )

(1 /2) (1 /2)

i
j

i mean
j

B

i
j j

i mean i

B

i
j j

i mean i i

1, , 2

, 2

, 0,

i mean

j j
i mean

1 2

,

1 2

1 2
,

1 2 (4)

where, the proportion of affected species with exposure concentration
of c per species was PAFi, ΔEx can be further expressed by Eq. (5).

= ∑ − − ∑

= − ∑

Ex PAF B W B W

PAF B W

Δ (1 /2)
i

i i i
i

i i

i
i i i

0, 0,

1
2 0,

(5)

where, the coefficient 1/2 is derived from coefficients when the toxicity
data is L(E)C50, due to the absolute biomass (B0,i) being difficult to
obtain, the relative biomass (bi) being used, and the value of ki being

normalized (Eq. (6)). Therefore, in this study, the relative exergy var-
iation (δEx) was used to represent the eco-risk at the system-level (Eq.
(1)).

∑=k b W b W/i i i
i

i i
(6)

where, Wi denotes the exergy index of each trophic level, that is the
holistic contribution of each species or community to the ecosystem,
also known as β value.

2.3.2. Weight definition
The β value and biomass data of the three TLs are needed to cal-

culated weight. This is because the β value is correlated with the cells
and genetic information of species, its empirical value can be computed
by genome size and the ratio of repeating genes (abbreviated GZR), the
number of cell types (NCT), non-coding DNA to total DNA (r-DNA), the
minimum total DNA in a group of species (min-DNA), the species age
(C-value), and the number of amino acids encoded by the DNA (NAC),
respectively (Jørgensen et al., 2005). Statistics from the Genomes On-
line Database (GOLD) showed that species with a complete and per-
manent draft genome increased from 152 in 2006 to 16,362 in 2018
(https://gold.jgi.doe.gov/statistics); the increased species genome da-
tabase provides the basis for calculating the β value. The β value was
calculated based on the genome data of a few species, mainly in-
vertebrates (Jørgensen et al., 2005), while vertebrates only accounted
for a small fraction and some species existed in a large group (Table S1).
In this study, 48 species supported by the literature were selected from
the genome database of the NCBI and the β values were calculated
using the GZR method, as shown in Table S2. The method used to es-
timate the relative biomass referred to Text S2. Briefly, based on the
known productivity/biomass ratios (P/B) and a productivity transfer
efficiency ratio of 10% between different TLs (Fig. S1) (Pauly and
Christensen, 1995), the productivity of TL1, TL2, and TL3 was assumed
to be 100, 10, and 1 with an arbitrary weight unit-/(m2 yr); then the
relative biomass of different species could be estimated (bi), see Table
S3. Finally, the bi and Wi optimal cumulative distribution was con-
structed using SSD models, bi and Wi were randomly sampled from
those distributions and used to calculate the δEx by Eq. (1).

2.3.3. Uncertainty analysis
The uncertainty of eco-risk at the system-level was mainly de-

termined by the uncertain weights and SSDs of different TLs. In this
study, the weight and SSDs were randomly selected by Monte-Carlo
simulation and introduced into Eq. (1) to calculate the assembles of
system-level SSD curves (ExSSDs) and δEx values. Finally, the median
and 95% confidence intervals of ExSSD and δEx value were computed
as described in Section 2.2.3.

2.4. A software platform for community- and system-level ecological risk
assessment

The software BMC-SSD is designed to estimate parameters for the
cumulative distribution function (CDF) of species eco-toxicity data,
environmental exposure data, or other datasets such as biomass dis-
tribution and β value distribution, to obtain the parameters and their
posterior distribution, and to construct the toxic concentration-species
affected probability species sensitivity distribution (SSD) or exposure
concentration-cumulative probability distribution. This software uses
WinBUGS 14 as the core calculation module, and develops the opera-
tion interface with MATLAB GUI, which is convenient for various risk
assessment personnel with differing familiarity with the SSD model.
The main function of BMC-SSD, including the main interface, is SSD
construction, optimization, and risk assessment, SSD construction based
on exergy theory and joint probability risk assessment. Detailed in-
formation and download of the software can be found at http://139.
199.128.164/BMC-SSD2/index_en.html.
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3. A case study: system-level ERA of typical toxic micro-organic
pollutants in water from the western Lake Chaohu, China

3.1. Measurement of typical toxic micro-organic pollutants in water

3.1.1. Lake Chaohu and typical toxic micro-organic pollutants
Lake Chaohu (117°16′54′′–117°51′46′′E, 30°25′28′′–31°43′28′′N) is

located in central Anhui Province, with a subtropical monsoon climate
and a water area of 760 km2. It is one of the five largest freshwater lakes
in China. Due to the marked difference in human activities in the
eastern and western parts (Jiang et al., 2014). The most significant
pollutant problem in Lake Chaohu remains eutrophication caused by
excessive nitrogen and phosphorus input (Xu et al., 2001). Further-
more, dam construction had a substantial impact on lake eutrophication
and water self-purification (Kong et al., 2016; Yang et al., 2016). In
previous studies, we found that large number of toxic organic pollu-
tants, including polycyclic aromatic hydrocarbons (PAHs), organo-
chlorine pesticides (OCPs), polybrominated diphenyl ethers (PBDEs),
and phthalates (PAEs), had been detected over the past ten years (He
et al., 2012; He et al., 2013a; He et al., 2013b; Liu et al., 2013; Qin
et al., 2013). Therefore, our research group assessed the ecological risk
of toxic organic pollutants in the whole water body of Lake Chaohu and
perfomed a preliminary screening of priority control pollutants (He
et al., 2014b). Research over many years has found that the level of
pollution in the western part of Lake Chaohu was particularly serious
(Kang et al., 2016). To assess the eco-risk caused by the toxic pollutants
in the western part and its inflowing rivers (Nanfeihe River, Shiwulihe
River, Tangxihe River, Paihe River, and Fenglehe River), the present
study was conducted during the dry (March) and wet (September)
seasons of 2013. Toxic micro-organic pollutants including PAHs, OCPs,
and PAEs, as well as organophosphorus pesticides (ONPPs) were mea-
sured. Due to the limits of the toxicity data, system-level eco-risks of
only 10 pollutants, including anthracene, atrazine, butachlor, carbaryl,
carbofuran, dibutyl phthalate (DBP), fipronil, isoprocarb, methyl-
parathion, and γ-hexachlorocyclohexane (γ-HCH), were assessed.

3.1.2. Sampling, pretreatment, and instrument analysis
As shown in Fig. 4, six sampling sites (L1-L6) were located in the

lake areas, and three sample points were located in the upper, middle,
and lower reaches of Paihe River (R1U, R1M, R1D), Shiwulihe River
(R2U, R2M, R2D), and Fenglehe River (R4A, R4B, R4C); one sample
point was located in the shorter river length of Tangxihe River (R12);
and 10 sample points were located in the mainstream of Nanfehei River
(R3A, R3B, R3C, R3D, R3E, R3F, R3G, R3H, R3I, R3J). The collected
water samples were stored in 10 L brown glass bottles, which were
washed with tap and deionized water before use and then rinsed with
water samples.

The methods used to analyze toxic micro-organic pollutants have
been described previously (He et al., 2014a). Briefly, 1 L of water
sample was added with surrogate standard, and suspended particulate
matter was removed using a 0.7 μm glass fiber filter membrane. A C18
solid phase extraction column (SPE, Supelco, 6 mL, 500mg) was used
for sample extraction. Dichloromethane was used as the eluent for
PAHs, OCPs and ONPPs, and n-hexane: dichloromethane (V:V=1:1)
mixed solvent was used as the eluent for PAEs. The internal standards
for PAHs and ONPPs were deuterium substituted: naphthalene-d8,
acenaphthene-d10, chrysene-d12, perylene-d12, anthracene-d10 mixed
solution. The internal standard for OCPs was 2,4,5,6-tetrachloroxylene,
and those for PAEs were 3,4,5,6,d4-diethyl phthalate and 3,4,5,6,d4-
dioctyl Phthalate. PAHs, OCPs, PAEs and ONPPs were analyzed by GC-
MS. Specific instrument conditions can be found in He et al. (2014a).
Three parallel samples were measured at each sample point. The
method and procedure blanks were analyzed at the same time, fol-
lowing the steps detailed for the samples. The recovery rate and de-
tection limit of the method have been previously reported (He et al.,
2014b).

3.1.3. Concentration of toxic micro-organic pollutants
The concentrations of 10 toxic micro-organic pollutants in the

western part of Lake Chaohu and its inflowing rivers are shown in
Fig. 5. The highest concentration was found for the plasticizer DBP
(median: 2.07 μg/L), followed by the pesticide atrazine (median:
0.35 μg/L). The lowest concentration was found for γ-HCH (median:
0.2 ng/L), and other pollutants had similar concentration (median:
2.9–15.2 ng/L). There were no differences in the concentrations of toxic
pollutants such as anthracene, atrazine, isoprocarb, methyl-parathion

Fig. 4. Sample sites in the western part of Lake Chaohu and its inflowing rivers.
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and γ-HCH in the dry season compared with the wet season. The con-
centration of carbaryl and carbofuran were higher in the dry season
than in the wet season, while those of DBP and fipronil were higher in
the wet season than in the dry season.

3.2. Dose-effect relationships at community- and system-levels derived from
the SSD model and exergy for typical toxic micro-organic pollutants

3.2.1. Community-level SSDs and eco-risk assessment of typical toxic
micro-organic pollutants

Optimal SSD models, determined by the lowest DIC, were plotted
using the parameters in Table S4 and shown in Fig. 6. The uncertainty
boundary was identified by the posterior distribution of parameters.
Burr III and Weibull were the most common optimal SSDs, and those of
seven toxic micro-organic pollutants obeyed them in the present study.
Considering the generality, convenience, and comparability of SSDs,
most researchers prefer to use Log Normal and Log Logistic. However,
these models did not perform better than Burr III and Weibull in the
present study. In our previous study (He et al., 2014a), optimization of
45 chemicals showed that 34 SSDs obeyed Burr III and Weibull,
whereas only nine SSDs obeyed conventional Log Normal and Log Lo-
gistic. We have extended the number of chemicals to 58 (unpublished
data), and found similar results showing that Burr III and Weibull were
more applicable, flexible, and easy to use (Shao, 2000).

ERA at the community-level (Table 1) showed that the eco-risk
caused by typical toxic micro-organic pollutants was higher in rivers
(median: 5.1× 10−4) than in lake areas (median: 2.8× 10−4), and the
eco-risk of pollutants in the dry season was higher than that in the wet
season. The eco-risks of anthracene and butachlor were similar
(~10−6), whilst those of carbaryl, DBP, fipronil, and methyl-parathion
were higher (> 10−3). Atrazine, isoprocarb, and carbofuran had po-
tential eco-risks with ranges from 10−6 to 10−3. γ-HCH presented the
lowest eco-risk (< 10−9).

The level of pollution (Fig. 5 and Table S6) and the hazard con-
centration (HC5) of the pollutants (Table S7), indicated that the che-
micals such as fipronil (HC5=0.23 μg/L) and methyl-parathion
(HC5=4.94 μg/L) with lower HC5 values and higher concentrations,
would pose high eco-risks (> 10−3). Fipronil had the highest commu-
nity-level eco-risk (> 10−2), which should be of great concern in the
aquatic ecosystem of Lake Chaohu. Although the HC5 values of an-
thracene and γ-HCH were also low, their eco-risk was not particular
high because of their low concentrations in water. DBP, with relative
lower toxicity as indicated by the high HC5 value (71.18 μg/L), posed a
higher eco-risk because of its high residues. The eco-risk of chemicals,

such as butachlor, was very low owing to its low toxicity
(HC5=123.71 μg/L) and residue. When chemicals have similar po-
tential hazards, e.g., carbaryl and carbofuran, their eco-risks are de-
termined to a great extent by their environmental concentrations. No-
ticeably, although atrazine is more toxic than isoprocarb and the
concentration of atrazine is also higher than that of isoprocarb, they
have a similar eco-risk. These unexpected results were attributed to
uncertain extrapolation, owing to the different amounts of raw data.
The 95% CI of the HC5 values of atrazine spanned one-order of mag-
nitude, whilst those of isoprocarb spanned three-orders of magnitude.
The uncertainty boundary of isoprocarb extrapolation was wider than
that of atrazine, as shown in Fig. 6. Therefore, in addition to the con-
centration, toxicity, and SSD model of chemicals, the uncertainty
caused by data quantity and quality and model types should also be
considered in the future (Grist et al., 2006; Spiegelhalter et al., 2002).

3.2.2. Weight definition of exergy variation
The cumulative probability distributions of biomass for three

trophic levels obeyed Burr III, whereas the exergy index obeyed Weibull
and Log Logistic (Table S8). Based on the parameters shown in Table
S9, the probability density curves were computed by differential cal-
culus from the SSD forms (Fig. S2) and are presented in Fig. 7. The
relative biomass of TL1 was larger than that of TL2 and TL3. The re-
lative biomass of TL2 was close to that of TL3, but with a wider range.
The exergy index of the three trophic levels differed with the rank:
TL1<TL2<TL3.

The relative biomass (Fig. 7A, bi) and exergy index (Fig. 7B, Wi)
were calculated by their optimal SSD models and the posterior dis-
tribution of parameters, and stored in the bi and Wi database. Monte
Carlo sampling with 20-, 200-, 1000-, 2000-, 10,000-, and 20,000-times
of bi and Wi were performed to calculate the weigh value (ki) using Eq.
(5), and the probability distribution of ki is shown in Fig. S3. After 2000
samplings, the probability distribution pattern of k1 began to stabilize,
and the probability distribution pattern of k2 and k3 began to stabilize
after 10,000 samplings. Therefore, this study used weight values cal-
culated by 10,000 Monte Carlo samplings in the following evolution.
Statistical analysis of the three weights is shown in Table 2. The mean
values of k1, k2, and k3 were 0.018, 0.268, and 0.714, respectively.
When subsequently constructing the ExSSD and estimating the eco-risk
at the system-level, we used 10,000 sampling weights instead of the
statistical values, and analyzed 10,000 ExSSD curves and eco-risks. As
the distribution of the data seldom obeyed a normal distribution, the
median values were typically used in the following ERA.

Fig. 5. Overall concentration of toxic pollutants (box diagram: the bottom and top of the box indicate the 25th [Q1] and 75th [Q3] percentiles, respectively; the top
and bottom whiskers are the Q3 + 1.5 [Q3–Q1] and Q1–1.5 [Q3–Q1], respectively; the line indicates the median).
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3.2.3. System level SSDs
Optimal models for chemicals and parameters of community-level

SSDs for three trophic levels (TL1, TL2, and TL3) are summarized in
Tables S10–S12 and shown in Fig. S4. Using the Eq. (1), the ExSSDs
were calculated and plotted in Figs. 8 and 9. Based on the definition of
ExSSD, the closer to −1, the higher the risk of the ecosystem, the closer
to 0, the lower the risk of the ecosystem. Although the meaning of
ExSSD differs to that of SSD, in practice, it can be interpreted in the
same way as the SSD by removing the minus symbol, thus, the greater

the value, the higher the risk, and the lower the value, the smaller the
risk. Therefore, similar to SSD, the closer to the negative direction of
the x-axis, the greater the risk of toxic pollutants, and the toxic pollu-
tants with lower risk, were typically located in the positive direction of
the x-axis. As shown in Fig. 9, anthracene and fipronil are located on
the left side; therefore, they have potential to cause the greatest damage
to the ecosystem. The ExSSD of toxic pollutants such as atrazine, me-
thyl-parathion, carbaryl, and isoprocarb are staggered on the right-
hand side of the x-axis, indicating that they can cause limited damage to

Fig. 6. Optimal SSD models for toxic micro-organic pollutants at the community-level (points, shadowed areas, and lines denote the toxicity data, 95% credible
interval, and SSD fitting curve, respectively).
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the ecosystem. The ExSSD of toxic pollutants, such as butachlor, car-
bofuran, γ-HCH, and DBP is in the middle of the graph, indicating that
they cause moderate damage to the ecosystem.

3.2.4. Contribution of community-level SSDs for three trophic levels to the
ExSSD

To extend knowledge on ExSSDs, we calculated the contribution
ratio of the community-level SSD for each trophic level to ExSSD by
dividing PAFiki by –δEx in Eq. (1) (Fig. 10), with ki values of 0. 0.018,
0.268, and 0.714. Theoretically, we were able to calculate ExPAF at any
given concentration. However, in practice, the detection limit and so-
lubility of chemicals (maximum range) restricts the concentration
range. Although the weight ki values were constant, the contribution
ratio of each trophic level was different. We suggested that ExSSD was
sensitive to the TL SSDs and the communities in each TL had various
tolerance to different chemicals. Based on the contribution ratio plot
within maximum ranges, chemicals could be divided into two groups:
trophic level dependence and trophic level independence. The first
group included anthracene, carbaryl, and γ-HCH. In that group, TL1,
TL2, and TL3 dominated the ExSSD at low, moderate, and high con-
centrations, respectively. In other words, a clear damage gradient could
be observed from TL1 to TL3. The remaining chemicals are trophic-
level independent because TL2 was first affected followed by TL3, as
indicated by the dominant role. TL1 was serious affected at high con-
centration, especially with atrazine.

In the present study, the measured concentration range of each
chemical was much narrower than the maximum range. The TL1 SSD
dominated the ExSSD and contributed>95% for anthracene and γ-
HCH. The TL2 SSD was found to contribute> 95% for atrazine, buta-
chlor, carbofuran, fipronil, isoprocarb, and methyl parathion. The TL3
SSD contributed> 60% for DBP. For carbaryl, TL1 dominated the

ExSSD at the lowest concentration whilst TL2 dominated at the highest
concentration. In summary, in the present study, ExSSD was pre-
dominately affected by the TL2 SSD for most chemicals.

3.2.5. Uncertainty analysis
As shown in Fig. 8, the shape of the ExSSD uncertainty boundary of

anthracene was similar to that of TL3, and its right boundary was close
to that of TL1 and TL3, while the left was affected by TL2. The shape of
the ExSSD uncertainty boundary of atrazine was similar to that of TL3,
and the uncertainty boundary was mainly affected by TL2. The ExSSD
uncertainty boundary of butachlor was significantly affected by the
right boundary of TL2 and the left boundary of TL1. The ExSSD
boundary of carbaryl was similar to that of TL1; TL3 had larger weight
values. During MC sampling, the sampling ranges of TL1 and TL2 were
larger than that of TL3, because of its narrower boundary. Thus, the
uncertainty boundaries were affected by the superposition of TL1 and
TL2. The location and shape of the ExSSD of carbofuran is similar to
those of TL3. Its uncertainty boundary was affected by TL2. The un-
certainty boundary of DBP was affected by all three TLs because their
boundaries were overlapped. The uncertainty boundary of the ExSSD of
fipronil was most affected by TL2. ExSSD boundary of isoprocarb was
similar to that of TL2. The right boundary of the ExSSD for methyl-

Table 1
The community-level eco-risk of typical toxic micro-organic pollutants in western areas of Lake Chaohu and its inflowing rivers (10−6).

Chemicals Lake Chaohu Inflowing rivers Annual average of Lake Chaohu and its inflowing rivers

2013.03 2013.09 Annual average 2013.03 2013.09 Annual average

Anthracene 0.42 0.36 0.39 1.24 0.94 1.08 0.82
Atrazine 37.69 49.16 43.19 73.04 10.47 33.52 30.35
Butachlor 0.27 0.14 0.20 0.97 0.64 0.80 0.64
Carbaryl 1622.16 71.44 1131.95 2311.25 268.61 1623.99 1525.94
Carbofuran 613.51 425.26 523.88 1241.58 700.88 991.55 898.02
DBP 1020.00 5176.08 3270.96 1024.38 5337.12 3364.02 3333.53
Fipronil 1678.12 8024.83 5035.94 5949.61 20195.32 13743.01 12115.96
Isoprocarb 8.41 8.52 8.47 12.60 40.48 27.55 24.04
Methyl-parathion 2303.96 1796.33 2070.35 3504.63 4083.59 3807.82 3488.28
γ-HCH 0.00010 0.00001 0.00004 0.00109 0.00018 0.00052 0.00032
Median 325.60 60.30 283.53 548.71 154.54 512.54 464.18
Minimum 0.00010 0.00001 0.00004 0.00109 0.00018 0.00052 0.00032
Maximum 2303.96 8024.83 5035.94 5949.61 20195.32 13743.01 12115.96

Fig. 7. Probability density curves of relative biomass (A, bi) and exergy index (B, Wi) of the three trophic levels.

Table 2
Statistical analysis of weight values of three trophic levels by 10,000 Monte
Carlo samplings.

Weight 2.5th percentile Median 97.5th percentile Mean SD

k1 0.000 0.007 0.107 0.018 0.034
k2 0.002 0.149 0.926 0.268 0.284
k3 0.070 0.827 0.994 0.714 0.282
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parathion was affected by TL1, and the left boundary was affected by
TL2. The shape of ExSSD for γ-HCH was similar to that of TL3, and the
uncertainty boundary was greatly affected by TL2 and TL3.

In summary, the uncertainty boundaries were most affected by TLs
with wider uncertainty boundaries but not by the weight value of each
TL. Therefore, to reduce the uncertainty boundaries of ExSSD, it is
crucial to narrow the uncertainty boundaries of TLs in the three

communities. The most effective method is to select an appropriate
model and to collect sufficient toxicity data.

3.3. System-level ERA of typical toxic micro-organic pollutants

According to Table 3, DBP (ExPAF=−0.0124) was the most
harmful pollutant to the aquatic ecosystem in the western part of Lake

Fig. 8. Community-level SSDs of three trophic levels (TL1, TL2, TL3) and system-level SSDs (ExSSD) with 95% CI for typical toxic micro-organic pollutants.
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Chaohu and its inflowing rivers, whereas γ-HCH posed the lowest
system-level eco-risk (ExPAF=−1.2× 10−7). The median eco-risk of
the 10 chemicals was −4.10× 10−4. The system-level eco-risk of fi-
pronil (ExPAF=−0.0036) was lower than that of carbofuran
(ExPAF=−0.0043), which was not consistent with the community-
level ERA presented in Table 1. Although the community-level eco-risk
of carbaryl was much larger than that of γ-HCH, their system-level eco-
risks were similar and their difference only spanned one-order of
magnitude. The system-level eco-risks of pollutants in lake areas are
lower than those of rivers, which is consistent with the results of the
community-level ERA (see Table 4).

The system-level ERAs were affected by the stacking effect of the
community-level eco-risks at various trophic levels and weight ki.
Because DBP posed the highest eco-risk to the communities at TL3
(Tables S15 and S16) and TL3 had the largest weight in Eq. (1), the
system-level eco-risk of DBP was the highest among all the chemicals. A
similar explanation also applied to γ-HCH; that is, its eco-risks were
very low at TLs with high weight and low at TL3 with low weight
(Tables S13–S15). According to the contribution of community-level
SSDs for three trophic levels to system-level SSDs of typical toxic micro-
organic pollutants in the western part of Lake Chaohu and its inflowing
rivers, TL2 also contributed 32.4% of δEx besides TL3. In seven of 10
target chemicals, TL2 PAF was dominant, with a contribution ratio of
50.13%–100.00%. Although the weight value of TL3 for those seven
chemicals was very high, communities at TL3 was less sensitive those at
TL2. In the study areas, anthracene and γ-HCH posed much higher risks
to communities at TL1 than at TL2 and TL3, resulting in>99.9%
contribution to δEx.

Spatial variation analysis of system-level eco-risks of pollutants
(Fig. 11) revealed that the Nanfeihe River and estuary areas of the lake
were subjected to high eco-risks from all chemicals except DBP during
the dry seasons. Only DBP, isoprocarb, and methyl-parathion posed
higher eco-risks to Shiwulihe River and Tangxi River. Paihe River was
subjected to eco-risks from carbofuran, fipronil, methyl-parathion, and
DBP, most of which are pesticides. Notably, methyl-parathion posed a
high eco-risk to water bodies in the northern part of study areas.
Atrazine, DBP, and methyl-parathion were associated with a high eco-
risk in the lake. We previously showed that there was serous eu-
trophication in the Nanfeihe estuary (Jiang et al., 2014); therefore,
micro-organic pollutants might further destroy the aquatic ecosystem in
this area. In fact, the weight of TL1 was relative low in the ExSSD; thus,
pollutants might affect the organisms at TL2 and TL3 more than those at
TL1.

During the wet season, Fenglehe River and its estuary areas were
subjected to high eco-risk from the pesticides, including carbaryl, car-
bofuran, fipronil, and isoprocarb. The eco-risk of atrazine presented

similar spatial variations during the wet seasons; Nanfeihe River,
especially its eastern tributaries, discharged a large amount of atrazine
during both dry and wet season. Similar to the dry season, γ-HCH was
found to exert a higher eco-risk in the Nanfeihe River estuary areas.

In summary, the ecological risk of most pollutants in rivers flowing
through Hefei City in the north is higher than that in other areas,
especially during the dry season. Conversely, during the wet season,
pesticides such as carbofuran, carbaryl, isoprocarb, and fipronil posed a
higher ecological risk to Fenglehe River, which was flowing through
farmland.

3.4. Associations between community-and system-level ERA

Spearman correlation analysis was performed to test the consistency
of system- and community-level ecological risk in ranking pollutant
hazards (Tables 3 and S13,S14). The eco-risk ranking of 10 pollutants at
the system-level was consistent with that at the community-level, at
only 30.6% of the sampling sites, areas, or events (p < 0.05). The
correlation between system-level eco-risk (ExPAF) and community-
level eco-risk of TL2 (PAF2) was highly significant (the mean of sig-
nificances was 3.70× 10−5), and the significance of all 85 sampling
sites, areas, or events was less than 0.001. The mean significance of the
correlation between the ExPAF and community-level eco-risk of TL2
(PAF1) was 0.165, and only 22.4% of the sampling sites, areas, or
events had p values of< 0.05. For the community-level eco-risk of TL3
(PAF3), only 12.9% of sampling sites, areas, or events were consistent.
The eco-risk rank of chemicals revealed by community- and system-
level ERAs may have differed because the community-level ERA did not
consider the contribution of various trophic levels. Correlation of the
ExPAF and TLs PAF revealed that PAF2 had consistency ranks with
ExPAF, indicating that community at TL2 damaged the ecosystem more
than that at the other TLS. The results of the correlation shown in
Tables S17 and S18 were consistent with the contribution analysis of
each TL SSD to ExSSD in Fig. 10. As well as insufficient datasets for
certain species, which might cause uncertainty in the SSD (Newman
et al., 2000), model types, determining the extrapolation accuracy at
low concentrations (Shao, 2000), and ecosystem structure as indicated
by the weight of each TL, would also cause the inconsistency.

4. Discussion

4.1. Implication to ecological risk assessment in aquatic ecosystem

As shown in Fig. 1, there was good progress in the ERA of pollutants
in the first and second stages. Researchers have reduced the cost of
acquiring toxicity data acquisition and improved accuracy through
toxicogenomics and bioinformatics (Basu et al., 2019; Forbes and Galic,
2016). Community-level ERA methods and indicators have con-
tinuously improved (Duboudin et al., 2004; Newman et al., 2000; Xu
et al., 2015). This has also been applied in eDNA metabarcoding
technology, showing promise for its potential application (Zhang et al.,
2018). This study included innovative breakthroughs at the third stage
of ERA. Subsequently, ERA will focus on the eco-toxicity of pollutants,
as well as the basic indicators of ecosystem function, such as commu-
nity structure, energy flow, and biomass composition (Jørgensen et al.,
2005; Jørgensen et al., 1995; Jørgensen and Svirezhev, 2004). The third
stage of the ERA method initiated in this study will enrich ERA meth-
odology, particularly for assessing the ecosystem-level eco-risk of pol-
lutants in the future. Like the community-level ERA of heavy metals and
neonicotinoid (Chen et al., 2019; Wang et al., 2018), the third stage of
the ERA can also be used to assess the system-level eco-risk of chemicals
in salty water, such as costal ecosystems. In fact, coastal ecosystems
receive large amounts of pollutants discharged from the land, and
subsequently become very fragile. The system-level ERA will help to
evaluate the vulnerability of the costal ecosystem due to pollutants.
After assigning the accepted system-level eco-risk, we could calculate a

Fig. 9. Comparative analysis of system-level SSDs (ExSSD) for typical toxic
micro-organic pollutants (colored bar denotes the potential damage to the
ecosystem).
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benchmark for the control and management of pollution in coastal
areas.

4.2. Advantages and disadvantages of the system-level ERA

In the present study, although development of the third stage of ERA
model was successful, this does not mean that the classic species- and
community- level ERAs will be replaced in the future ERA. The ad-
vantages and disadvantages of the three stages of ERA based on re-
levant toxic effects, difficulty acquiring toxicity data, model com-
plexity, uncertainty, usage generalization, and ecological significance,
are shown in Table 5. The system-level ERA in this study, and com-
munity-level ERAs in most studies cannot be used to explain the toxic
mechanisms of chemicals, because toxicity end-points, such as the LC50,
are screened without considering effects, such as growth, reproduction,

physiology, and mortality (Duboudin et al., 2004; Newman et al., 2000;
Xu et al., 2015). In contrast, species-level ERAs generally provide a
mechanism of toxicity for chemicals to species, facilitating the protec-
tion of sensitive species, such as the Chinese sturgeon (Hu et al., 2009).
Although the system-level ERA has higher ecological significance than
other ERAs, it is performed at the expense of usage generalization. In
addition, it has a more complex mathematic model and will cause high
uncertainty due to data quality, model variation, and parameter of
distribution uncertainty. The infeasible data requirement limits its ap-
plication for all chemicals. Nevertheless, the results of this study will
improve current ERA regime and practice and we will aim to fill
knowledge gaps in the near future.

Fig. 10. Contribution of community-level SSDs for three trophic levels (TL1, TL2, TL3) to system-level SSDs for typical toxic micro-organic pollutants. (Maximum
range is from half of the detect limit to solubility for each chemical. The measured range is from the minimum to the maximum concentration in the studied area.)
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4.3. Prospects of the system-level ERA

The proposed system-level ERA was developed based on statistical
SSD models and exergy theory. Nevertheless, SSD models did not in-
corporate ecological interactions among various communities or spe-
cies, which might alter or mask the response of the system to the target
chemicals (De Laender et al., 2008). Although the ecological relevance
of ExSSD has been improved by calculating the weight of communities
at various TLs, and the ExSSD attempts to connect each TL SSD ac-
cording to the ecological significance of each TL, system-level ERAs still
inherit the drawbacks of ecological interactions from the convention
SSD model. To address this, De Laender et al. (2008) simulated the
interaction using the ecological dynamic model (EDM). In fact, we si-
mulated variation in ecological structure and function using the Eco-
path mass-balance model in the Lake Chaohu ecosystem (Kong et al.,
2016b). We will also attempt to modify the SSD models by that EDM in
the near future. SSD models also require sufficient numbers of species to
reduce the uncertainty (Newman et al., 2000). Although uncertainty
analysis by Bayesian inference combined with MCMC revealed the
uncertainty boundary, we still found that the abundance of data af-
fected the boundary (Figs. 6 and S4). We previously constructed SSDs of
more than 45 micro-organic chemicals, but only 10 of these could be
divided into three trophic levels (He et al., 2014a). We believe that
application of toxicogenomics, bioinformatics, and QSAR will sig-
nificantly enrich the toxicity database, which facilitates the provisition
of sufficient data (Basu et al., 2019). Furthermore, environmental
conditions, such as organic matter, might affect the toxicity of chemi-
cals and species mortality (Al-Reasi et al., 2013). The current system-
level ERA simply considered chemicals as the environmental condition
and neglected other conditions, such as nutrients, meteorological fac-
tors, and discharge. We have successfully generated a model on the
environmental fate of chemicals, such as γ-HCH and perfluorinated
compounds (Kong et al., 2014;2018). Furthermore, the fate model may
be introducted into the system-level ERA in future studies.

5. Conclusion

In this study, a system-level ERA method was successfully

established, followed by an ERA of 10 typical toxic micro-organic
pollutants at community- and system-levels in the western part of Lake
Chaohu and its inflowing rivers. The community-level eco-risks of ty-
pical toxic micro-organic pollutants were higher in the inflowing rivers
than that in lakes, and their eco-risks in the dry season were higher than
those in the wet season. In addition to the concentration of pollutants,
toxicity data, and fitting curve, the uncertainty caused by data quality
and model type should also be considered. The system-level ERA curves
(ExSSD) were mainly affected by community-level SSDs at TL2 for most
chemicals. The uncertain boundary of ExSSD is more related to TLs with
a wider uncertain boundary but has little relation to the weight of each
TL. System-level ERA results revealed that DBP presents the highest
eco-risk, whereas γ-HCH presents the lowest eco-risk. The system-level
ERA results were not strictly consistent with the community-level re-
sults due to the lack of a sufficient dataset, SSD model type, and eco-
system structure, as indicated by the weight of each TL. Although the
successful application of ExSSD in Lake Chaohu signifies the start of the
third stage of ERA at the system-level and provides a scientific basis for
ecosystem-level ERA, aquatic ecosystem protection, and water safety
management, there remain some drawbacks. These include sufficient
data dependence, neglect of ecological interaction, and neglect of en-
vironmental parameters. We propose to employ toxicogenomics to en-
rich the toxicity database, to simulate the interaction by the ecological
dynamic model, and to introduce the chemical fate model into the
system-level ERA.
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Table 3
System-level eco-risk of typical toxic micro-organic pollutants in the western part of Lake Chaohu and its inflowing rivers (10−6).

Chemicals Lake Chaohu Inflowing rivers Annual average of Lake Chaohu and its inflowing rivers

2013.03 2013.09 Annual average 2013.03 2013.09 Annual average

Anthracene −39.37 −38.08 −38.73 −50.59 −47.43 −49.04 −45.97
Atrazine −651.91 −691.7 −672 −756.91 −495.91 −635.11 −621.24
Butachlor −70.87 −50.96 −61.51 −129.32 −105.91 −118.03 −105.71
Carbaryl −9.43 −0.03 −4.01 –22.31 −0.18 −9.45 −8.1
Carbofuran −3474.28 −2848.87 −3189.96 −5079.41 −3731.49 −4499.71 −4265.8
DBP −4817.83 −17721.38 −12252.81 −4834.3 −18159.48 −12525.93 −12437.82
Fipronil −584.63 −2426.8 −1560.35 −1824.59 −6058.72 −4098.55 −3620.27
Isoprocarb −462.62 −466.76 −464.7 −604.21 −1309.86 −1015.09 −926.84
Methyl-parathion −71.48 −38.2 −54.63 −200.75 −289.72 −245.15 −198.49
γ-HCH −0.08 −0.04 −0.06 −0.17 −0.1 −0.14 −0.12
Median −267.05 −258.86 −263.11 −402.48 −392.81 −440.13 −409.86
Minimum −4817.83 −17721.38 −12252.81 −5079.41 −18159.48 −12525.93 −12437.82
Maximum −0.08 −0.03 −0.06 −0.17 −0.1 −0.14 −0.12

Table 4
Statistical analysis of Spearman′s correlation (p value) between the system- (ExPAF) and community-level eco-risks of three trophic levels (PAF1, PAF2, PAF3) using
eco-risk ranking data of 10 typical toxic micro-organic pollutants.

Mean SD Median Minimum Maximum

PAF1 vs ExPAF 0.165 0.153 0.132 0.004 0.675
PAF2 vs ExPAF 3.70×10−5 5.49× 10−5 1.79× 10−5 3.70× 10−10 3.07× 10−4

PAF3 vs ExPAF 0.142 0.087 0.148 0.020 0.413
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