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a b s t r a c t

In this study, we apply an integrated empirical and mechanism approach to estimate a comprehensive
long-term (1953–2012) total nitrogen (TN) and total phosphorus (TP) loading budget for the eutrophic
Lake Chaohu in China. This budget is subsequently validated, firstly, by comparing with the available
measured data in several years, and secondly, by model simulations for long-term nutrient dynamics
using both Vollenweider (VW) model and dynamic nonlinear (DyN) model. Results show that the esti-
mated nutrient budget is applicable for further evaluations. Surprisingly, nutrient loading from non-point
sources (85% for TN and 77% for TP on average) is higher than expectation, suggesting the importance
of nutrient flux from the soil in the basin. In addition, DyN model performs relatively better than VW
model, which is attributed to both the additional sediment recycling process and the parameters adjusted
by the Bayesian-based Markov Chain Monte Carlo (MCMC) method. DyN model further shows that the
TP loading thresholds from the clear to turbid state (631.8 ± 290.16 t y−1) and from the turbid to clear
state (546.0 ± 319.80 t y−1) are significantly different (p < 0.01). Nevertheless, the uncertainty ranges of
the thresholds are largely overlapped, which is consistent with the results that the eutrophication of
Lake Chaohu is more likely to be reversible (74.12%) than hysteretic (25.53%). The ecosystem of Lake

Chaohu shifted from the clear to turbid state during late 1970s. For managers, approximately two-thirds
of the current TP loading must be reduced for a shift back with substantial improvement in water quality.
Because in practice the reduction of loading from a non-point source is very difficult and costly, addi-
tional methods beyond nutrient reduction, such as water level regulation, should be considered for the
lake restoration.

© 2014 Published by Elsevier Ltd.
. Introduction

Nutrient enrichment and the subsequent nutrient level eleva-
ion are the primary cause for eutrophication in shallow lakes (Rast
nd Holland, 1988; Cooke et al., 2005). It has led to multiple seri-
us and undesired consequences in lake ecosystems (Smith et al.,
999), thereby declining in the functioning of lake ecological ser-
ices for human beings in the region of, for instance, the lower
angtze River basin in China (Dearing et al., 2012). The nutrient

evel in the lake is an important indicator for the assessment of lake
rophic status from the abiotic aspect (Xu et al., 2001a) and is also

n essential component for more comprehensive ecosystem-level
ndicators (Xu et al., 2001b).

∗ Corresponding author. Tel.: +86 10 62751177; fax: +86 10 62751187.
E-mail address: xufl@urban.pku.edu.cn (F. Xu).

ttp://dx.doi.org/10.1016/j.ecolind.2014.12.005
470-160X/© 2014 Published by Elsevier Ltd.
Serving as the driver of the variations in nutrient levels and
the regime shifts in the lake ecosystem, nutrient loading budget
including both point and non-point sources is essential for long-
term evaluation of the ecosystem dynamics in a lake (Carpenter,
2005; Smith et al., 2006). However, the acquirement of the budget
generally demands a large amount of work, entailing frequently
monitoring data for both hydrology and water quality (Dillon,
1975; Bennett et al., 1999; Hargan et al., 2011). Alternatively,
multiple models have been developed for basin nutrient load-
ing estimation in case of limited data availability (Zhang and
Jørgensen, 2005). Mechanistic models usually have large uncer-
tainty in the results, whereas empirical models depend mainly
on data for accuracy (Reckhow and Chapra, 1999; Zhang and
Jørgensen, 2005). Nonetheless, to apply a specific mechanistic or

empirical model approach for a long-term nutrient loading estima-
tion, certain amount of data is required, which is still very difficult
in countries such as China with the restriction of long-term data
availability.

dx.doi.org/10.1016/j.ecolind.2014.12.005
http://www.sciencedirect.com/science/journal/1470160X
http://www.elsevier.com/locate/ecolind
http://crossmark.crossref.org/dialog/?doi=10.1016/j.ecolind.2014.12.005&domain=pdf
mailto:xufl@urban.pku.edu.cn
dx.doi.org/10.1016/j.ecolind.2014.12.005
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Lake managers are also interested in the thresholds of nutri-
nt loading to the lake in order to maintain in the more favored
lear state. Nutrient thresholds of regime shifts also serve as impor-
ant ecological indicators for evaluation of ecosystem resilience and
estoration strategy (Scheffer et al., 2001). Much effort went into
utrient loading reduction and the evaluation of the correspond-

ng effects by field data analysis (Jeppesen et al., 2005) and model
tudies (Sagehashi et al., 2001; Zhang et al., 2003; Trolle et al., 2008,
011). Usually a modeling approach is required to build a quan-
itative understanding of regime shift thresholds (Carpenter and
athrop, 2008) and implement the loading reduction estimation.
owever, in China, few studies and projects for lake management
ave been conducted in the context of regime shift and alterna-
ive stable state for shallow lakes, despite the prominence of this
pproach around the world (Scheffer and Jeppesen, 2007).

Here, we focus on the fifth largest freshwater shallow lake,
ake Chaohu, in China as a case study. This lake provides impor-
ant ecological services for the 7.6 million people in the basin,
ut has suffered from serious eutrophication since the 1980s (Xie,
009). There is an urgent need for scientific research to obtain the

ong-term annual nutrient loading data and estimate the essential
oading reduction for this lake. To deal with the data limitation, we
ntegrate different types of methods (empirical or mechanism) to
stimate different components of loadings according to data avail-
bility, instead of applying a specific model. We use this method
o estimate a long-term (1953–2012) nutrient loading budget for
his lake, which is crucial for the evaluation and assessment of the
cosystem dynamics and status. The estimated loading data can
e compared with the limited measured loading values in several
ears. In addition, the estimated loading data were also validated
y the long-term water quality data based on the simulation out-
uts from both the Vollenweider (VW) model (Vollenweider, 1969,
979) and a modified dynamic nonlinear (DyN) model (Carpenter
t al., 1999; Carpenter and Lathrop, 2008). VW model is the first
odel linking the nutrient loading and mass in lakes, which has

een extensively used by water quality managers worldwide due
o its simplicity and validity (Mooij et al., 2010). Afterwards, many

odified models based on VW model were developed (for a review
ee Bryhn and Håkanson, 2007), among which the dynamic non-
inear model (DyN model) developed by Carpenter et al. (1999)
urns out to be one of the most widely discussed model. By adding
he term of sediment recycling process, the DyN model shows a
onlinear feature that exhibits in many shallow lakes (Scheffer
nd Jeppesen, 2007), thereby being able to describe a variety of
hanges in lake eutrophication and restoration, and have a bet-
er performance than VW model (Carpenter and Lathrop, 2008).

oreover, the DyN model has the ability to quantitatively estimate
he regime shift thresholds, which is important theoretically for
cologists and also practically for lake managers to calculate the
ecessary nutrient reduction. Once the long-term loading budget
nd the estimated thresholds have been established, it is possible to
peculate about the approximate timing of the regime shift of the
ake during the eutrophication process, as well as how much the
utrient loading should be reduced for a substantial improvement

n water quality.
The goals of this study are (1) to build the long-term nutrient

TN and TP) budget from 1953 to 2012 for Lake Chaohu in China and
alidate this budget with the limited measured loading data; (2) to
urther evaluate the reliability of the estimated loading data by two

inimal nutrient mass balance models (VW and DyN model) and
ompare with long-term water quality observations; (3) to use the
yN model to estimate the probabilistic distribution of the thresh-

lds of lake regime shift from a clear to turbid state and backwards;
4) to estimate the timing of regime shift in the historical devel-
pment of the lake and the nutrient loading reduction needed for
estoration of Lake Chaohu to a good ecological state in the future.
tors 52 (2015) 231–244

2. Materials and methods

2.1. Study site

Lake Chaohu (31◦34′ N, 117◦26′ E) is the fifth largest lake in
China (with a surface area of approximately 780 km2), and it is
a typical freshwater shallow lake (mean depth 3.06 m in 1980)
(Wang, 1986). The lake was famous for its nice scenery and abun-
dant aquatic products before the 1950s (Xu et al., 1999). However,
due to rapid social-economic growth in the lake basin during the
last several decades, the lake became seriously eutrophic, with TP
loading amounts to 1050 t per year in the late 1980s (Tu et al.,
1990) and 1550 t per year during 2002–2010 on average (State
Department of People’s Republic of China, 2010). The ecosystem
structure was largely altered (Xu et al., 1999), e.g., the macrophyte
coverage of the lake significantly decreased (Xie, 2009; Kong et al.,
2013) and blue-green algae blooms occurred during the summer in
recent years (Kong and Song, 2011). The location of the lake basin
is shown in Fig. 1, as well as the land use map in 2011 and all of the
towns and cities that are involved in the nutrient loading calcula-
tion, including Hefei City (HF), Feidong County (FD), Feixi County
(FX), Chaohu City (CH), Hanshan County (HS), Wuwei City (WW),
Lujiang County (LJ), Shucheng City (SC) and Liu’an City (LA).

2.2. Development of the nutrient loading budget for Lake Chaohu
from 1953 to 2012

The framework of the nutrient loading budget is illustrated in
Fig. 2. Generally, the total amount of nutrient discharge (both TN
and TP) was estimated, and the actual amount of nutrient that
entered into the lake water body (loadings) was calculated based on
the wastewater treatment ratio (for point source) or lake entering
ratio (for non-point source), which are demonstrated in detail in
the supplementary materials. The long-term loading budget from
1953 to 2012 determined for each year in the lake will be described
below.

2.2.1. Loading from point sources
The total amount of point source loading includes nutrients

from municipal, industrial and livestock and poultry breeding
wastewater discharge. This part of the nutrient loading was mainly
estimated based on empirical relations from the literature and col-
lected social-economic data. For municipal wastewater discharge,
the values were the product of the city population in the basin and
the nutrient discharge per capita. Similarly, for industrial wastewa-
ter discharge, the values were the product of industrial production
and the nutrient discharge per 10 thousand RMB of industrial pro-
duction. Municipal and industrial wastewaters were supposed to
be treated in sewage plants before entering into the river and lake,
the ratio of which was estimated as 0% from 1953 to 1995, 50%
from 1995 to 2005, and gradually increased to 75% by 2012 (State
Department of People’s Republic of China, 2000, 2005, 2010). Live-
stock and poultry breeding wastewater discharge were estimated
based on the amount of different types of cultivation (animals) and
the corresponding nutrient discharge. Due to the difficulty in deter-
mining the wastewater amount and the nutrient concentrations in
the wastewater, the values from the “Discharge standard of pol-
lutants for livestock and poultry breeding (GB 18596-2001)” were
applied instead. All of the data values and sources are listed in Table
S1 in the supplementary materials.

2.2.2. Loading from non-point sources

The total amount of nutrient discharge from non-point sources

includes atmospheric dry and wet deposition, fertilizer loss, and
nutrient discharge in the dissolved form and also the solid form
from soil erosion. Air deposition was estimated according to the
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ig. 1. Location, administrative and basin boundaries for Lake Chaohu and the lan
ounty (FD), Feixi County (FX), Chaohu City (CH), Hanshan County (HS), Wuwei Cit
easured wet deposition of TN and TP in Lake Chaohu. Based
n the wet deposition of TN (254.5 t) and TP (13.88 t) in 1984
Wang, 1986) and the ratio of wet deposition and total deposition

easured in Lake Taihu (80.3% for TN and 28.2% for TP) (Yang et al.,

Loading

Total Nutrient Loadings
(TN, TP)

Point Sources Loadings
(TN, TP)

Non-point Sources
Loadings
(TN, TP)

ig. 2. The calculation procedure of the total nutrient budget (total nitrogen and total ph
otal discharges and the ratios of the discharges that finally entered the lake water body.
map for the lake basin (2011). The abbreviations denote Hefei City (HF), Feidong
), Lujiang County (LJ), Shucheng City (SC) and Liu’an City (LA).
2007), the air deposition in Lake Chaohu from 1953 to 2012 can
be estimated to increase by 5.5% for TN and 2.5% for TP each year.
Fertilizer loss was estimated by the product of the collected annual
fertilizer usage and the estimated loss rates from runoff. The

Discharge

Municipal Wastewater
(TN, TP)

Industrial Wasterwater
(TN, TP)

Livestock and Poultry Breeding
Wasterwater (TN, TP)

Fertilizer Loss
(TN, TP)

Runoff Loss (Dissolved)
(TN, TP)

Soil Erosion Loss (Particle)
(TN, TP)

Atmospheric Dry and Wet
Deposition (TN, TP)

Wastewater
Treatment

Ratio

Lake Entering
Ratio

osphorus) for the Lake Chaohu basin. The total loadings were the production of the
The point and non-point sources of nutrient loadings were calculated separately.
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ertilizer usage data were available since 1987. For the previous
ears (1953–1986), the product of farmland area and the fertilizer
sage per unit area (hm2) was applied instead. The fractions
f nitrogen (65%) and phosphate (20%) in the fertilizer were
ased on the average values from Tu et al. (1990) and multiple
tatistics yearbooks. In addition, according to Wang et al. (2010),
he loss percentages of nitrogen and phosphate fertilizer were
pproximately 6% and 0.45% in the basin farmland, respectively.
issolved discharge was calculated by the product of the nutrient
oncentration in the runoff and the runoff volumes from the basin,
he latter of which was estimated by the SCS-CN (Soil Conservation
ervice – Curve Number) method (US Department of Agriculture,
972). Compared to other models such as Horton infiltration
quation (Xie et al., 2003), SCS-CN model is simple with only
ne parameter required (CN). Thus, this model has been widely
sed around the world (Ponce and Hawkins, 1996) including Lake
haohu basin (Wang, 2006). The land use maps for the basin were
etermined from remote sensing data for the years 1979, 1990,
995, 2000, 2005 and 2011 (see supplementary materials S2). The
N values were strongly dependent on the different types of land
se and also four hydrologic soil groups based on the soil types
with respect to the rate of runoff potential and infiltration rate).
aily precipitation data for the basin from 1953 to 2012 were
btained from the China Meteorological Data Sharing Service Sys-
em (http://www.cma.gov.cn/2011qxfw/2011qsjgx/index.htm).
olid discharge from soil erosion loss was calculated by the USLE
Universal Soil Loss Equation) model, which was developed by

ischmeier and Smith (1960) and continuously modified by
ischmeier and Smith (1978) and Renard et al. (1997). It is one

f the best known and the most widely used method in linking
olids transport of field scale to causal and conditional erosion
actors (Roose, 1977; Wang, 2006). More advanced models such
s G2 model (Panagos et al., 2014) have been developed, but the
ncreased complexity and data demand makes them not applicable
ere. The efficiency and simplicity make USLE model the most
roper method to calculate solid discharge from soil erosion loss.
ore details of the SCS-CN and USLE model application to the lake

asin are described in the supplementary materials (S2).
Considering that only part of the nutrient discharge from

on-point resources will finally enter into the lake and thereby con-
ribute to the loading, a lake-entering-ratio was estimated based on
he 10-year loading data (1986–1995) from the literature (Zhang
t al., 1997). The data from this period are used for calibration
nd not further used for validation. The ratio was found to have
positive relationship with the annual precipitation in the lake

asin; therefore, the ratio for each year from 1953 to 2012 can be
stimated accordingly. By multiplying the lake-entering-ratio, only
fraction of the fertilizer loss and dissolved and solid discharge
nally entered the water body and can be considered as part of
he loading. In addition, this 10-year dataset was also used to esti-

ate the sedimentation rate for each year (see Section 2.3.2). More
etails can be found in the supplementary materials (S3).

.2.3. Uncertainty of the nutrient loading
Due to data limitation, the estimated nutrient loading bud-

et is associated with uncertainty, which is, however, difficult to
ddress. Similar to the method applied in Bennett et al. (1999),
e calculate the minimum and maximum values for different

omponents in the nutrient budget to bracket the variations,
hich is considered as the uncertainty. For point sources, the
arameter ranges of the TN and TP discharge per capita were ascer-
ained from collected values (see Table S1 in the supplementary
aterials); hence, the variation in the municipal wastewater dis-
harge can be obtained. For industrial and livestock and poultry
reeding wastewater, however, the uncertainty was difficult to
scertain, and uniform distributions with fixed and relatively large
tors 52 (2015) 231–244

coefficients of deviation (20%) were assumed for both components.
For non-point sources, a 20% variation was also assigned for the
variations of air dry and wet deposition, fertilizer loss and dissolved
discharge in runoff. For solid discharge from soil erosion, however,
the uncertainty mainly originated from the factors K and LS (see
supplementary materials, S2), as well as the particle fraction of TN
and TP in the soil in the lake basin (Table S1 in the supplementary
materials).

2.3. Validation by two minimal models

Based on the estimated nutrient budget, two minimal models for
nutrient mass balance were applied, and the model outputs were
compared with the observations of nutrient concentrations in sam-
ples collected from Lake Chaohu in multiple studies (1974–2012;
see Table S1 in supplementary materials). The details of the two
models are described below.

2.3.1. Model equations
The VW model is a nutrient budget model based on mass balance

in lakes (Vollenweider, 1969, 1975; Vollenweider and Dillon, 1974).
The model assumes that the changes in the nutrient mass in lakes
equal the increase by loading minus the loss from outflows and
sedimentation. The model equation is as follows:

dMw

dt
= L − seds · Mw − outh · Mw (1)

where Mw is the mass of either nitrogen (N) or phosphorus (P)
(g m−2). L (g m−2 y−1) is the loading per year, which represents
the nutrient discharges that finally enter into the water body. seds
(1 y−1) is the sedimentation rate coefficient, which denotes the frac-
tion of the nutrient that settled in the sediment. outh (1 y−1) is the
outflow rate, which denotes the fraction of the nutrient that moves
away from the lake by outflows. The nutrient mass (g m−2) can
be calculated by simply dividing the concentration (g m−3) by the
water depth (D; m).

Carpenter et al. (1999) proposed a modified nutrient balance
model by adding the sediment recycling process in the Vollen-
weider model. This model was applied for phosphorus, and the
equation is as follows:

dP

dt
= L − ((seds + outh) · P) + f (P) (2)

where P is the phosphorus mass in the lake (g m−2), and f(P) is as
follows:

f (P) = recyc · Pq

Pq + halmq
(3)

where recyc (1 y−1) is the recycling rate of phosphorus from the
sediment, and halm (g m−2) is the P value where recycling is half
of recyc. q(−) is the exponent that controls the slope of f(P) when P
is close to halm. This term suggests that the recycling is low when
P is low, and after P gets higher than the certain value (halm), the
recycling shows a rapid elevation and approaches the maximum
value of recyc.

By adding the recycling term, this model shows a nonlinear fea-
ture and turns into the DyN model. This simple model is able to
address many aspects during the eutrophication and restoration of
lakes (Carpenter and Lathrop, 2008), and it has been used or modi-
fied as a model example to study features of regime shifts and also
loading thresholds of eutrophication in lakes (Ludwig et al., 2003;
Martin, 2004; Carpenter, 2005; Carpenter and Brock, 2006; Rougé

et al., 2013). Because phosphorus was the limiting factor of Lake
Chaohu (Xu et al., 1999), the DyN model was further applied for
TP simulation, and the results were compared with those from the
VW model.

http://www.cma.gov.cn/2011qxfw/2011qsjgx/index.htm
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This calculation was conducted in MATLAB (The Mathworks
Inc., 2006). All of the threshold results should be considered
as samples from the distribution of the eutrophication thresh-
X. Kong et al. / Ecological

.3.2. Parameter estimation
In this study, a useful dataset from Zhang et al. (1997) was

mployed with 10 years (1986–1995) of observations of nutri-
nt loading, concentration and water outflow for Lake Chaohu.
he sedimentation rates (seds) for TN and TP can be calculated
ccordingly, both of which were found to have an exponential rela-
ion with annual precipitation. Therefore, the sedimentation rates
an be obtained for each year from the precipitation (see sup-
lementary materials, S3). outh is calculated based on the water
alance. Monthly water level data were provided by Anhui Sur-
ey and Design Institute of Water Conservancy and Hydropower
1953–2007) and Anhui Hydrological Telemetering Information
ystem (http://yc.wswj.net/ahyc xjb/; 2007–2013). Water depth
ata were calculated by quotient of the lake volume and surface
rea, both of which can be estimated by the relation provided in
u et al. (1990). Water inflow includes both precipitation and river
nflows. Monthly inflow data were estimated by the linear relation

ith precipitation provided in Tu et al. (1990) from May 1987 to
pril 1988. Then, the river outflow can be calculated according to

he total inflow, changes in water depths and estimated evapora-
ion from Tu et al. (1990). Subsequently, with the estimated annual
oading data (L), the sedimentation rates (seds) and outflow volume
btained from the water balance (outh) (Kong et al., 2014), it is fea-
ible to let the VW model to calculate the nutrient mass (Mw) from
953 to 2012.

In addition to L, outh and seds, three more parameters, the
ecyc, halm and q, need to be determined before the DyN model
an be applied. However, few studies have been conducted that
rovide the information to estimate the values or ranges of recyc,
alm and q for Lake Chaohu. Bayesian analysis and Markov Chain
onte Carlo (MCMC) sampling were implemented, which have

een used in many model studies for parameter determination
nd uncertainty analysis (Carpenter and Lathrop, 2008; Saloranta
t al., 2008; Kong et al., 2014). This method has several advan-
ages over other methods for uncertainty analysis, e.g. basic Monte
arlo simulation. For example, Bayesian analysis and Markov
hain Monte Carlo sampling can disregard improbable parame-
er combinations by comparing model outputs and observations,
hereby largely reduce the ascertained parameter variations and
revent the overestimation of parameter and model uncertainty
Saloranta et al., 2008; Kong et al., 2014). In addition, the model
arameters are updated during the process so that the model is
alibrated, which is not possible by basic Monte Carlo simulation.
s the first step, the prior distributions for all five parameters
ere assigned as inputs for the MCMC procedure, and the model

ubsequently provided the posterior distributions. The probabil-
ty distribution of outh was determined according to the data
rom 1953 to 2012. A typical normal distribution was observed
validated by the Kolmogorov–Smirnov (KS) test), with a range
rom 0.048 to 4.056 and mean and standard deviation values
f 1.637 and 0.7343, respectively. Similarly, the probability dis-
ribution of seds was also ascertained by the estimated values
rom 1953 to 2012. The data show a log-normal distribution, and
he log-transferred data have been proved to follow a normal
istribution (validated by KS test). halm was difficult to ascer-
ain because there is no study concerning the estimation of this
arameter. Therefore, we used a uniform distribution ranging from
.1 to 1.2, which covers the observed P mass in Lake Chaohu
uring 1975 to 2012 (0.258–1.043; g m−2). q was set to obey
he normal distribution with the same average value of 4, as in
arpenter and Lathrop (2008), but with a higher dispersion range
f 4. recyc was estimated according to Wang et al. (2002) in
hich the phosphorus release was studied in Lake Chaohu sedi-

ent. The results showed that the maximum phosphorus recycling

ates were 1.263 mg P m−2 (278 K) and 5.639 mg P m−2 (297 K)
0.461 g m−2 y−1 and 2.058 g m−2 y−1, respectively). Because the
tors 52 (2015) 231–244 235

annual average temperature for the lake water is approximately
289 K, we assumed that the recycling rate coefficient should be
within the range above. A normal distribution was set to this
parameter with a large deviation (50% of the coefficient of varia-
tion). The other parameters, such as model error for the estimated
P mass, were set the same as those in Carpenter and Lathrop
(2008).

The posterior distributions of the parameters were estimated
using the MCMC method with the software WinBUGs, and the dif-
ferential equation was solved by the WBdiff package for WinBUGs
with the fourth-order Runge–Kutta method with one-step predic-
tion. Fourth-order Runge–Kutta method is the most classic and
most commonly applied one among the family list of Runge–Kutta
method for solutions of ordinary differential equations (Hairer
et al., 2008). One-step prediction means that the observation at time
t was used to estimate the value at time t + 1. Similarly to Carpenter
and Lathrop (2008), (105) samples were generated, and the first
9 × 104 values were set as the burn-in period and discarded. The
last 104 samples were used to determine the posterior distribu-
tion of the parameters, the uncertainty of the P mass estimation,
and the probability distribution of the thresholds for regime
shift.

2.3.3. Model validation
The model outputs were validated by comparing with field

observations of nutrient mass in multiple years, which is
listed in Table S1 in supplementary materials. Three perfor-
mance criteria were adopted for the assessment of model
performance, i.e. root mean squared error (RMSE; root of
�[(observed − simulated)2/observed2]), relative error (RE; �
|observed − simulated|/� observed) and coefficient of determina-
tion (r2). These three criteria are mostly utilized for performance
evaluation of ecological models (Kong et al., 2013; for a review see
Arhonditsis and Brett, 2004).

2.4. Model uncertainty and estimation of the regime shift
thresholds for Lake Chaohu

The uncertainty of the model output for the annual P mass can
be obtained from the 104 values for each year during the MCMC
simulation. The interval of 2.5–97.5% of the posterior samples was
considered as the range of the estimation uncertainty. The median
values, as well as the uncertainty range, were compared to the
observations then.

The last 104 samples from the MCMC results indicated 104

combinations of the parameters, which might correspond to
reversible, irreversible and hysteresis types for Lake Chaohu
(Carpenter and Lathrop, 2008). In addition, the thresholds can
be derived from the steady states of the model equation under
the condition of irreversible and hysteresis types, which are the
intersections of the straight line (seds + outh)P − L and the sigmoid
curve f(P) (Carpenter and Lathrop, 2008). The critical loadings
for eutrophy (irreversible and hysteresis) and oligotrophy (only
hysteresis) thresholds can be obtained by solving the following
equation:

seds + outh = f ′(P) (4)
olds for Lake Chaohu. Therefore, the statistical characteristics
can be addressed for both eutrophic and oligotrophic loading
thresholds.

http://yc.wswj.net/ahyc_xjb/
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. Results

.1. Nutrient loading budget for the Lake Chaohu basin from
953 to 2012

The nutrient loading budget of TN and TP for the Lake Chaohu
asin from 1953 to 2012 is illustrated in Fig. 3. The total loading

ncreased from 1953 to 2000 (Fig. 3A and B) and remained rela-
ively stable during the last decade. The elevation of loadings from

oint sources was faster than from non-point sources (Fig. 3C–F).
ost of the loadings originated from non-point sources, but the

ractions of point sources for both TN and TP were also increasing
Fig. 3A and B). Compared to TP loading, non-point sources played
otal (with subplot of the point and non-point source fractions). (B) TP total (with
m point sources. (E) TN from non-point sources. (F) TP from non-point sources.

a more vital role in TN loading, accounting for a higher percentage
of the total loading (85.7% for TN and 77.0% for TP on average). In
addition, the loading from non-point sources contributed to most
of the fluctuations, especially the extreme events in 1954 and 1991
associated with high precipitation and recorded flooding in the lake
basin (Fig. 3E and F).

For point sources (Fig. 3C and D), the wastewater from municipal
and industry were the major components, whereas the wastewa-
ter from livestock and poultry breeding was relatively insignificant.

The nutrient loading from industry started to grow rapidly from the
middle of the 1960s and became dominant in recent years. Mean-
while, the loading from municipal sources was largely reduced from
2000. For non-point sources (Fig. 3E and F), a relatively smooth
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Table 1
Comparison of the measured and calculated TN and TP loading in multiple years.

Year Items TN loading (t/y) TP loading (t/y) Ref.

1984
Measured 22,516.4 1139.3 Wang (1986)
Calculated 20,496.1

(16078.3–25398.0)b
1656.9
(1203.29–2257.39)

–

REa 8.97% 45.4% –

1987
Measured 18,367.8 1050.3 Tu et al. (1990)
Calculated 18,265.7

(14402.1–22433.5)
1213.5
(908.3–1593.9)

–

RE 0.55% 15.54% –

1999
Measured 23736.0 2136.4 State Environment

Protection Administration
of China (2000) c

Calculated 25,938.1
(20285.9–32277.1)

1477.7
(1016.2–2138.6)

–

RE 9.28% 31.47% –

2000
Measured 17,089.9 1250.2 Shang and Shang (2007)
Calculated 21,077.1

(16612.6–25885.5)
1270.9
(916.5–1745.7)

–

RE 23.33% 1.66% –

2002–2010 (Average)
Measured 20,700.0 1550.0 State Department of

People’s Republic of China
(2010) d

Calculated 28,465.8
(22,167.1–35,689.1)

1717.4
(1165.9–2518.5)

–

RE 37.52% 10.8% –

a Relative error, equals to 100% × |Calculated − Measured|/Measured.
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b The range in the bracket represents the uncertainty band of the estimated load
c SEPA denotes State Environment Protection Administration of China.
d SDPRC denotes State Department of People’s Republic of China.

oading increment from 1953 to 2012 with much greater fluc-
uation was observed, which was largely attributed to stochastic
ydro-chemical processes (Zhang and Jørgensen, 2005). Dissolved

oss from soil runoff dominated for TN, whereas particle loss from
oil erosion and fertilizer loss was more important for TP in non-
oint loadings. Air dry and wet deposition increased rapidly but
ith less contribution to the lake nutrient budget.

As a validation, the estimated nutrient loading data were com-
ared with measured values (except those from 1986 to 1995).
pecifically, the annual TN and TP loadings in 1984, 1987, 1999,
000 and 2002–2010 (on average) were collected from multiple lit-
ratures and compared with the corresponding results in this study
Table 1). The calculated nutrient loading values were consistent
ith the measured data. Most of the measured values were within

n the uncertainty band of the estimated loading values, except for
P loading in 1984, and TN loadings in 2002–2010 (on average),
here the estimated values tended to overestimate the loading.

his could be attributed to overestimation in different compo-
ents in the loading budget, which is, however, hard to identify.
onetheless, with respect to the performance of comparison with

imited field measurements, the estimated loading budget is gener-
lly acceptable. Further validation of this budget will be conducted
y model simulation in the following section.

.2. Model simulation and validation

Long-term simulation by the VW model was generally consis-
ent with the observations for both TN and TP (Fig. 4A and B), along
ith acceptable values of the RMSE, RD and r2 (Table 2). In addition,

he DyN model showed a relatively better performance than the VW
odel for TP (Fig. 4C), with lower values of RMSE, RE and higher

alues of r2 (Table 2). The established model uncertainty band can

xplain the deviation of the model outputs from the observations
n some years, but it fails in others. In general, for both models, the
utputs tend to overestimate the lower level and underestimate
he higher level of nutrient concentrations in the lake (Fig. 4D–F).
lues.

These results suggest that there is a tendency in the nutrient load-
ing estimation to overestimate in earlier times and underestimate
in recent times, which will be further discussed in Section 4.

3.3. Thresholds of regime shift for Lake Chaohu

The prior and posterior frequency histogram and the best fit of
the distributions for the five parameters in the DyN model pro-
duced from the MCMC method are shown in Fig. 5. The obtained
parameter values sampled from their distributions can be used to
calculate the distribution of the regime shift thresholds for the lake.
From the last 104 combinations of parameter values for the DyN
model obtained from the MCMC method, 74.12% were categorized
as reversible type of eutrophication, 25.44% were hysteretic, and
3.50% were irreversible. The results indicate that in most cases, the
eutrophication of Lake Chaohu was reversible and without alterna-
tive stable states. Therefore, the lake will most likely continuously
respond to nutrient reduction (but not necessarily linearly). In con-
trast, under the hysteretic cases, the distributions of the forward
and backward thresholds (in logarithm units) for Lake Chaohu are
depicted in Fig. 6. The phosphorus loading thresholds of the regime
shift were 0.81 ± 0.372 g m−2 (631.8 ± 290.16 t y−1) from the clear
to turbid state and 0.70 ± 0.410 g m−2 (546.0 ± 319.80 t y−1) from
the turbid to clear state with a significant difference (N = 2544,
p < 0.01). More statistical characteristics of the thresholds are listed
in Table 3.

4. Discussion

4.1. Pro and con in the methods of nutrient loading budget
estimation
In this study, a nutrient loading budget (for TN and TP) from
1953 to 2012 was built for the Lake Chaohu basin. It is generally
difficult to determine the long-term nutrient loading of a basin,
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Fig. 4. Comparisons of the long-term simulation outputs from both the Vollenweider (VW; for both TN and TP) and the dynamic nonlinear (DyN; for TP only) model with the
observations (A–C). Uncertainty was determined only for the DyN model outputs. The black dots represent the data for calibration, and they are not included in the model
evaluation. Model deviations were also compared with observations (D–F).

Table 2
Evaluation criteria of both Vollenweider model (VW model) and dynamic nonlinear model (DyN model) model in the long-term simulation.

Criteria Unit VW model for TN VW model for TP DyN model for TP

2 4
9
9

p
i
n
a
e
d
m
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m
a
m
a
c
d

g
t
i

T
S

Root mean squared error (RMSE) g/m 1.6
Relative error (RE) % 19.5
r2 – 0.5

rimarily due to data limitations. Nonetheless, the approach taken
n this study shows a feasible way to estimate the long-term
utrient loading for the Lake Chaohu basin. It resulted in valu-
ble reference material for evaluating the ecosystem dynamics and
volution of the eutrophication in the lake during the last several
ecades (Xie, 2009). In addition, both the comparison with directly
easured loading data in multiple years (Table 1) and validation

y model simulations suggest that the nutrient loading estimation
ethod in this study is applicable for this basin and that the results

re reliable for further application. Although there are numerous
odels for evaluating point and non-point nutrient loadings from
basin (Zhang and Jørgensen, 2005), the method applied to a spe-

ific location should be very flexible and largely dependent on the
ata availability.
There are also advantages to the use of the proposed inte-
rated model instead of observed hydrology and water quality data
o evaluate nutrient loadings. One of the advantages is the abil-
ty to predict the values in the future and to test the effects of

able 3
tatistical characteristics of the phosphorus loading thresholds for the forward (T Leutro)

Items T Leutro (g/m2) T Lolig (g/m2)

Data number 2553 2553
Mean 0.81 0.70
Median 0.72 0.62
Std. deviation 0.372 0.410
Skewness 0.974 0.799
Kurtosis 0.470 0.237
Minimum 0.13 0.00
Maximum 2.34 2.21
Percentiles

25 0.52 0.39
50 0.72 0.62
75 1.00 0.93
0.16 0.13
27.95 22.25

0.24 0.34

various management scenarios (Zhang and Jørgensen, 2005) or cli-
mate change (Andersen et al., 2006). For the Lake Chaohu basin,
the increasing number of wastewater treatment plants and more
advanced water treatment technology will result in a continuous
reduction of nutrient loading from municipal and industry in the
future. However, the decrease of the farming land area and increas-
ing population will lead to a constrained high usage of fertilizer,
which will further enhance the loading from non-point resources.
Increasing nutrient loading could also be expected under the con-
text of a warming climate in the future due to higher temperature,
higher rainfall and the subsequently higher runoff (Jeppesen et al.,
2009) and soil erosion (Lischke et al., 2014). The quantitative evalu-
ation of the future scenarios of nutrient loading is beyond the scope
of this study but very much worthwhile to be studied in the future.
The methods for nutrient loading estimation in this study are
inevitably associated with disadvantages. Here, we estimate the
nutrient loading per year, which is similar to studies in many other
areas (Bennett et al., 1999; Hargan et al., 2011; Han et al., 2012).

and backward (T Lolig) regime shift of the lake ecosystem.

Log(T Leutro) (ln(g/m2)) Log(T Lolig) (ln(g/m2))

2553 2553
−0.31 −0.58
−0.32 −0.47

0.448 0.750
0.061 −1.546

−0.544 6.001
−2.01 −7.70

0.85 0.79

−0.65 −0.94
−0.32 −0.47

0.01 −0.07
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ig. 5. The prior and posterior frequency histogram and the best fit of the distribu
arameters include (A) halm (phosphorus recycling half-saturation). (B) outh (wat
ediment). (E) seds (sedimentation rate coefficient).

he temporal resolution may be, however, too coarse for lake man-
gers to determine the strategies for nutrient loading reduction.
easonal patterns of the nutrient loading are also important if the
uctuations within one year are large. In fact, the non-point sources

n our study can be calculated in a smaller step (per month); how-
ver, the point sources here are based on annual social-economic
ata. Therefore, the nutrient budget in this study is given annually
nd the seasonal variations are not provided. With monthly social-
conomic data available in the future, it is feasible to calculate the

utrient loading budget with a higher temporal resolution.

Uncertainty in the loading budget estimations can be expected.
espite the uncertainty that has already been determined (Fig. 3A
nd B), many potential factors that may lead to higher variations in
for the five parameters in the DyN model produced from the MCMC method. The
flow rate). (C) q (steepness coefficient). (D) recyc (phosphorus recycling rate from

the results were not considered, and their effects remain unclear.
This should lead to larger deviations than the uncertainty band
in both the estimation from measured loading data (Table 1) and
the model simulation from observations (Fig. 4). For the compo-
nents from point sources, they were generally the product of the
social-economic data and the corresponding emission factors, the
latter of which were obtained from very limited literature (Table
S1 in the supplementary materials). In addition, for non-point
sources, the variations of air dry and wet deposition, fertilizer loss

and dissolved discharge in runoff also remain unclear. Therefore,
it was difficult to ascertain the variation of these factors and the
associated uncertainty in the estimated nutrient budget. Similar to
modeling approaches in estimation of pollutant emission inventory
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Wang et al., 2012), a variation (20%) was assigned to address the
ncertainty, which is a empirical estimation. However, this could
lso lead to immeasurable deviations from reality, and more data
re required to evaluate the uncertainty in these factors in the
uture.

In addition, in the long-term estimation, factors, including the
utrient discharge per capita for municipal wastewater discharge
nd the nutrient concentrations in the wastewater for Livestock and
oultry breeding wastewater discharge, are supposed to change
ver time, but they are constant during most of the time. In addition,
or TN and TP discharge per 10 thousand RMB of industrial produc-
ion, only data in 1984 and 1999 were available. Thus, the value of
984 was applied for the year before 1984, and linearly interpolated
etween 1984 and 1999. The value of 1999 was applied for the year
fterwards (see Table S1 in the supplementary materials). Similar
roblems also occurred with non-point sources, e.g., the parti-
le nitrogen and phosphorus concentrations in soil were available
nly recently, and they were fixed at these values throughout the
ong-term estimation (Table S1 in supplementary materials). These
ssumptions are simplification for loading estimation, which may
ead to overestimation the lower values in earlier times, underesti-

ate the higher values in recent times and increasing uncertainty
n the estimation (Fig. 4D–F). However, their temporal variations

ere considered as not very high so that we ignored in this study.
dditionally, in the USLE model for soil erosion estimation, factors
uch as K and LS were ascertained by the spatial average values
rom the literature (Wang, 2006). Although spatial variations were
onsidered in the uncertainty analysis, temporary variations of
hese factors from 1953 to 2012 were considered insignificant and
gnored.

.2. Features of the nutrient loading budget

Loadings from point source accounted for 15.3% (TN) and 23%
TP) on average during 1953–2012, which is relatively lower than
xpectation. However, the amount of point sources and fraction in
he total loading were actually increasing during this period (Fig. 3A
nd B), due to the rapid increasing of population and economic
evelopment. From about 1995, the increasing rates of nutrient

oading from the point sources were largely reduced. This is largely
ttributed to multiple environmental protection projects imple-
ented in Lake Chaohu since then (State Environment Protection
dministration of China, 2000). On the other hand, loadings from

on-point sources accounted for 74% (TN) and 68% (TP) of the
otal amount in 1988 (Tu et al., 1990), which agreed relatively
ell with the results in this study (76.2% for TN and 73.9% for TP).
owever, the long-term average data estimated from this study
tions for the logarithm phosphorus loading thresholds of the forward regime shift
urbid to clear state (B). (For interpretation of the references to color in this legend,

suggested that the non-point fractions for TN and TP were sig-
nificantly higher (85.7% for TN and 77.0% for TP), indicating that
nutrient loading from non-point sources was even more important
than expectation. Similar to other regions with both agriculture and
urban activities (Carpenter et al., 1998), non-point sources in the
basin have replaced point sources as the driver of eutrophication
in Lake Chaohu. In addition, fluctuations in the non-point sources
from 1953 to 2012 account for most of the fluctuation observed in
total loading data (Fig. 3A and B), whereas the loading from point
sources was gradually increasing without much fluctuation. Simi-
lar to the results in Zhang and Jørgensen (2005), these fluctuations
were largely attributed to the stochastic hydro-chemical processes.
Precipitation has a large effect on the outputs from the SCS-CN and
USLE models because the volume of rain usually determines the
volume of runoff and soil erosion. Flooding events usually result
in extreme loading values (such as 1954 and 1991), but the effect
could be weakened by a higher water outflow flushing rate.

The estimated nutrient loadings from non-point sources (Fig. 3E
and F) suggested that for TN, the dissolved phase was relatively
more important, while the particle phase was more dominant for
TP. According to Wang (2006), here the fractions of the TN and
TP loss from soil erosion out of the total amount in soil were
empirically assigned as 50% and 85%. In reality, the processes to
generate nutrient loadings from non-point sources are complicated
(Shan et al., 2001; Wang, 2006). Leaching and erosion are the main
mechanisms of phosphorus loss from agriculture soil, and multi-
ple studies have suggested that TP loss was mostly in the particle
phase (Sharpley et al., 1994; Shan et al., 2001; Zhu, 2004). In con-
trast, TN loss from non-point sources in two small watersheds in
China was mainly in the dissolved phase (68% and 83%) (Zhu, 2004;
Wang, 2006), which may be attributed to the chemical properties of
nitrate (lower sorption ability to particles and higher dissolvability
in water).

4.3. Comparison of the two minimal models

In the VW model, we assumed that the changes in the nutrient
mass in lakes equal the increase by loading minus the loss from out-
flows and sedimentation. Here, the recycling process, or so-called
‘internal nutrient loading’, is not considered, which largely devi-
ated from the situation in Lake Chaohu (Tu et al., 1990). The better
performance of the DyN model for TP in the long-term simulation
can be attributed to both the additional sediment recycling process

(f(P) in Eq. (3)) and the parameters adjusted by the Bayesian–MCMC
method (Fig. 5) for the best fit of model outputs to observa-
tions. First, the recycling was more important when the lake was
seriously eutrophic, which corresponded to the results after the
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alibration period (after 1995). The model outputs from the DyN
odel were generally more consistent with the observations from

he VW model after 1995 (Fig. 4B and C), which is the major reason
or the improvement in the model performance (Table 2). Sec-
nd, the prior distributions of the five parameters are assumed
n DyN model according to field observations or empirical value
anges, in which the uncertainty about the parameters is suffi-
iently considered (e.g. q and recyc). Bayesian–MCMC method will
ubsequently allow the DyN model to fit the observations with dif-
erent parameter combinations and find the best one. Among the
arameters, two parameters (outh and seds) were shared in both
W and DyN models. However, outh was significantly narrowed,
hile seds shifted to higher values in DyN model simulation with
CMC procedure (Fig. 5). The recycling from sediment brought
ore phosphorus to water volume so that higher sedimentation
as required for balance, which is more consistent with reality

nd leads to better model results. Nonetheless, the term f(P) is
modified Monod type function of P, which indicates that the

ecycling rate of phosphorus from sediment is strongly related to
he P mass in the water. f(P) is a simplification of sediment recycling
f nutrient, which should include both dispersion and slow remov-
ng of nutrient from suspended solids such as organomineral coat
f quartz grains. Therefore, DyN model cannot distinguish the two
rocesses, but consider them as a whole instead. This simplification
ould result in increasing uncertainty in the model, which requires
urther investigation.

Neither model could reproduce all of the variations in the time
eries of nutrient concentration, especially the extreme high and
ow values (Fig. 4). The uncertainty band of the DyN model outputs

as also unable to include all of the observations (e.g., the high
alue in 1998 and the low values in 2009 and 2010; Fig. 4C). These
eatures in the model prediction are primarily attributed to the
ncertainty in the estimated nutrient loading data, which tended to
verestimate the lower loading and underestimate the higher load-
ng values (see Section 4.1). In addition, simplification of the model
tructure from the real ecosystem and limitation of the parame-
er values can also result in poor performance of both models in
he prediction of extreme events. It is interesting to note that the
oth models perform relatively better in earlier times than later,
hich is most likely attributed to the differences in structure of the
utrient. For example, organic and complex forms of TP were dom-

nated in the nutrient loading during the 1970s when the lake basin
as not largely urbanized. However, in recent times, labile P form
ould be more dominated, which are better available for aquatic

utotrophs such as phytoplankton (Janse, 2005). This component is
ot included in the models here, which could lead to higher devia-
ions of the model outputs from observations. For nitrogen are the
imilar aspects. The results indicate that the amounts of the nutri-
nt loading matters, but changes in the compositions of the nutrient
oading also play a role in long-term study. Due to simplicity in the

odel structure, this aspect will not be addressed here, but fur-
her studies are expected to focus on this issue with more complex

odels.
In addition, other advanced modeling tools, such as machine-

earning (ML) techniques, including artificial neural networks
ANN), genetic programming (GP) and three-dimensional numer-
cal eutrophication model (Muttil and Chau, 2006, 2007; Chau,
007), should be considered in water quality modeling for Lake
haohu. Besides, since algae blooms have become more frequent

n Lake Chaohu recently (Xie, 2009), it is of great importance to pre-
ict the algae occurrence with other model techniques, for example,
he accurate empirical models for multi-step-ahead prediction (Xie

t al., 2006). The rapid development of advance modeling tech-
iques allow us to address the eutrophication issue in Lake Chaohu

n a more comprehensive way, which is apparently essential for
anagers to make a sound policy in lake restoration.
tors 52 (2015) 231–244 241

4.4. Lake Chaohu as a shallow lake: reversible or hysteretic?

Among the three types of eutrophication categorized by the DyN
model, the probability of irreversible cases was lowest (3.50%),
suggesting that eutrophication of Lake Chaohu is not likely an
irreversible case. The eutrophication of the lake appears to be a
reversible (74.12%) rather than a hysteretic (25.53%) case, which
is contrary to the expectation that the hysteretic type was the
most likely scenario for any shallow lake (Carpenter and Lathrop,
2008). Parameter value combinations are decisive for determin-
ing to which eutrophication type the system belongs (Table 4). The
sedimentation rate coefficient (seds) and water outflow rate (outh)
remained similar for the three types of eutrophication. However,
seds was relatively high compared to the other cases (Carpenter
and Lathrop, 2008) due to a sluice for irrigation purposes (built in
1963), which has strongly reduced the hydro-dynamics of the lake
and largely enhanced the sedimentation (Zhang and Lu, 1986). On
the other hand, the reversible type was associated with the param-
eter combinations of the lowest recycling rate (recyc) and steepness
(q) and also the highest recycling half-saturation coefficient (halm),
which led to a better fit to the observations so that they are more
favored by the MCMC method and are considered as more consis-
tent with reality. In fact, these results are supported by the field data
and observations. The surface layer of the Lake Chaohu sediment
is dominated by silt (2–20 �m) or sand (20–2000 �m) (approxi-
mately 56.9% and 36.5%, respectively; unpublished data), indicating
that sediment is not very prone to resuspension (Janse, 2005).
Hence, the phosphorus sediment recycling of the Lake Chaohu
ecosystem may not be as strong as expected in literature (Tu et al.,
1990). The higher sedimentation than recycling of phosphorus is
also consistent with the observations that sediment is a major sink
for phosphate in Lake Chaohu (Yang et al., 2013). Moreover, the
higher halm and lower q indicated a stronger binding capacity of
the lake sediment to the phosphorus, which is supported by the
high content of Fe and Al in the sediment (3.2% of Fe and 7.2% of
Al; ash free dry weight) (Tu et al., 1990). As a result, the relatively
higher values of sedimentation (seds) and water outflow (outh) con-
tributed to a very high slope line of the linear function (left in Eq.
(4)), whereas high halm and low recyc and q values led to a less
steep sigmoid curve (right term in Eq. (4)). These two reasons may
contribute to a higher possibility of the reversible type of eutrophi-
cation in which the system responds continuously to the changes
in nutrient loading.

Despite the dominant reversible type determined in this study,
it is still too early to make a conclusion that the lake does not
have hysteresis and the response to the nutrient loading varia-
tion in Lake Chaohu is continuously. Van Nes and Scheffer (2005)
showed that the chance of large-scale shifts between alternative
stable states can be reduced due to spatial heterogeneity, and the
large Lake Chaohu was considered as a homogeneous waterbody
in this study. In addition, the model applied in this study is so sim-
ple that the extensively studied interactions and feedback between
phytoplankton and submerged macrophytes (Scheffer et al., 1993;
Scheffer and Jeppesen, 2007) are neglected, which should strongly
affect the phosphorus cycling in the lake and be significant for
the Lake Chaohu ecosystem (Xie, 2009; Kong et al., 2013). This
simplification could produce misleading results, which should be
considered with caution in further applications.

4.5. Thresholds for Lake Chaohu eutrophication: uncertainty and
implication
In spite of the relatively dominant reversible type, the possibil-
ity of the lake ecosystem to exhibit regime shift with thresholds
was still large (25.53%). However, these two phosphorus loading
thresholds (forward and backward) determined by the model were
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Table 4
Statistical characteristics of the five parameters in DyN model under the conditions of hysteretic, irreversible and reversible.

seds recyc halm outh q

Hysa Irrb Revc Hys Irr Rev Hys Irr Rev Hys Irr Rev Hys Irr Rev

Number 2553 35 7412 2553 35 7412 2553 35 7412 2553 35 7412 2553 35 7412
Mean 4.64 4.61 4.47 0.80 1.11 0.63 0.18 0.11 0.38 1.71 1.72 1.71 8.40 9.46 5.45
Median 4.62 4.53 4.45 0.80 1.16 0.61 0.17 0.11 0.30 1.71 1.70 1.71 8.24 9.55 5.07
Std. deviation 0.45 0.43 0.46 0.21 0.14 0.20 0.06 0.01 0.25 0.10 0.10 0.10 2.67 2.72 2.37
Range 2.96 2.37 3.32 1.46 0.58 1.10 0.31 0.04 1.10 0.73 0.41 0.71 16.33 9.77 14.72
Minimum 3.10 3.58 2.90 0.30 0.78 0.29 0.10 0.10 0.10 1.37 1.52 1.35 2.33 4.55 2.00
Maximum 6.05 5.95 6.22 1.76 1.36 1.40 0.41 0.14 1.20 2.10 1.93 2.06 18.66 14.32 16.72
Percentiles

25 4.33 4.47 4.15 0.66 0.98 0.47 0.13 0.10 0.22 1.65 1.63 1.64 6.37 7.05 3.59
50 4.62 4.53 4.45 0.80 1.16 0.61 0.17 0.11 0.30 1.71 1.70 1.71 8.24 9.55 5.07
75 4.97 4.75 4.78 0.94 1.20 0.76 0.22 0.12 0.42 1.77 1.79 1.77 10.20 11.62 6.95

Note: seds (sedimentation rate coefficient); recyc (phosphorus recycling rate from sediment); halm (phosphorus recycling half-saturation); outh (water outflow rate); q
(steepness coefficient).
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imilar (from the clear to turbid state (631.8 ± 290.16 t y−1) and
rom the turbid to clear state (546.0 ± 319.80 t y−1)), indicating that
ven though there is hysteresis in the lake, the range of phosphorus
oncentration where an alternative stable state exists was narrow.
oreover, the thresholds of the lake regime shift were determined
ith large variations (Fig. 6), suggesting that the uncertainty range

f the two thresholds was greatly overlapped. The large variations
f the estimated TP thresholds, particularly from turbid to clear
ater, are largely attributed to the model uncertainty. Generally,

he uncertainty of the model included both inherent variability
nd true uncertainty of the model estimates (McKone, 1996). The
odel we applied in this study is a simple nutrient budget model,

hus inherent uncertainty is inevitably large. In addition, multiple
ources for the variations of all of the parameters in the DyN model
ue to fluctuations in environment conditions, including stochastic
rivers such as climate events (for outh), biogeochemical processes
uch as nutrient sedimentation and recycling (for recyc and seds)
Carpenter and Lathrop, 2008), and characteristics of the lake sed-
ment (phosphorus binding capacity that determines halm and q),

ay contribute to inevitable true uncertainty of the model esti-
ates. Scheffer and van Nes (2007) also show that the nutrient

oading thresholds largely depend on factors such as lake depth
nd climate, thereby changing over the time with the large vari-
tions in the external environment. Therefore, the high standard
eviations of the estimated thresholds in this study are reasonable.

Even though the evidence for regime shift for Lake Chaohu
s not as strong as expected, the result of the model study pre-
ented here has important implications because (1) phosphorus
oading was fluctuating around the threshold from the clear to tur-
id state (631.8 ± 290.16 t y−1) until the late 1970s, and the loading
as always higher than the upper bound of the threshold (about

20 t y−1) thereafter, suggesting that the lake transitioned to a tur-
id state during late 1970s; and (2) according to the estimated TP

oading in 2013 (1548.8 t), approximately two-thirds of the current
P loading must be reduced for a significant improvement in water
uality by crossing the backward threshold (546.0 ± 319.80 t y−1).
nder any circumstances, reduction of the nutrient loading will
lways benefit the lake ecosystem (Smith et al., 1999), keeping
t away from the threshold and reducing the possibility of dete-
iorated water quality and ecological risk (Jeppesen et al., 2005;
arpenter and Lathrop, 2008). In addition, even if the lake system is
eversible without alternative stable states, the response of TP con-

entration in water to phosphorus loading in the basin will still be
ather discontinuous (sigmoidal curve), indicating a large improve-
ent of water quality in certain critical range of the loading. This

s similar to the response of vegetation coverage to the nutrient
loading when alternative stable state did not arise, based on the
classic vegetation–turbidity model study in Scheffer (2004).

However, according to the nutrient budget presented in Section
3.1, on average, approximately 85% of the TN and 77% of the TP
loading was from non-point sources, which are difficult to control
in lake management. Even if fertilizer usage in the basin could be
completely forbidden (which is not economically profitable), the
residues in the farmland would remain for a long time, and the
non-point loading will still be substantial. Carpenter (2005) notes
that soil phosphorus dynamics can be more important than sedi-
ment internal loading in lake eutrophication control. Therefore, soil
management could be the core issue in loading reduction for the
agricultural area of the Lake Chaohu basin. Other restoration meth-
ods, such as water quality rehabilitation with rainwater utilization
(Wu and Chau, 2006), are also interesting for lake management.
This method can significantly reduce nutrient loading with low
investment, while the conflict between drainage and rainwater uti-
lization can be resolved with appropriate drainage plan scheme
(Wu and Chau, 2006). In addition, restoration methods beyond
nutrient reduction should be considered for the lake, especially the
water level regulation (Kong et al., 2013). It is argued that the reg-
ulated seasonal water level was a primary factor in macrophyte
extinction (Xie, 2009; Zhang et al., 2014). The management of the
water level will enhance the restoration of macrophytes, allow-
ing them to store large amounts of nutrients. It is suggested that
an integrated environment impact assessment (Zhao et al., 2006)
should be implemented for Lake Chaohu water level regulation
strategy selection. Moreover, the long-term effect of the water level
regulation on the lake ecosystem should be evaluated by more
comprehensive ecological models that consider a full aquatic food-
web, while also including the effects of macrophytes on the lake,
such as the well-evaluated ecosystem model PCLake (Janse, 2005).
It is also interesting to compare the outcomes from the complex
model PCLake with the results obtained in this study with two
minimal models (Mooij et al., 2009). Such comparison will help in
developing an integrated view on the behavior of the Lake Chaohu
ecosystem.

5. Conclusion

In this study, we use an integrated empirical and mecha-
nistic modeling approach to build a long-term nutrient loading

budget from 1953 to 2012 for eutrophic Lake Chaohu in China,
which agreed relatively well with limited observations. On aver-
age, 85% of the TN and 77% of the TP loading originated from
non-point sources, which pointed to the importance of nutrient
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ynamics in the soil. Evaluation of the reliability of the esti-
ated budget was implemented with two minimal models (VW

nd DyN models) for nutrient dynamics simulation. Both mod-
ls provided acceptable results. DyN model performs relatively
etter than the VW model, which is largely attributed to both
he additional sediment recycling process and the parameter
djustment by the Bayesian–MCMC method. DyN model further
hows that the TP loading thresholds from the clear to turbid
tate (631.8 ± 290.16 t y−1) and from the turbid to clear state
546.0 ± 319.80 t y−1) are significantly different (p < 0.01). How-
ver, the overlap in the two threshold ranges is consistent with that
he eutrophication of Lake Chaohu is more likely to be reversible
74.12%) than hysteretic (25.53%). We estimated that the lake
cosystem shift from a clear to turbid state during late 1970s. For
shift back, approximately two-thirds of the current TP loading
ust be reduced. Additional restoration methods beyond nutrient

eduction should be considered for the lake, such as water level
egulation. This study provide crucial information for lake manage-
ent, but more precise values for nutrient loading and thresholds

hould be provided for lake managers, which could be achieved by
ore data available and more complex model study. Prognoses of

utrient loading in the context of climate change are also impor-
ant for the lake management in the future. Finally, based on the
utrient budget in this study, a comprehensive evaluation on the
cosystem dynamics of Lake Chaohu during the last several decades
hould be conducted.
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