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The safety of drinking water is constantly being evaluated. In the last few decades, however, many drinking waters sources in the world, including in China, have undergone serious eutrophication and consequently water quality deterioration due to anthropogenic induced stressors such as elevated external nutrient inputs. In this study, we used the state-of-the-art complex, dynamic, mechanistic model GOTM-FABM-PCLake (a coupled one-dimensional hydrodynamic-lake ecosystem model) to quantitatively assess the impacts of external nutrient loading on the temperate Jihongtan reservoir in Shandong Province, China. Simulated values of all variables targeted in calibration (water temperature, dissolved oxygen, total nitrogen, total phosphorus, and chlorophyll a) agreed well with observations throughout the entire calibration and validation period and generally mimicked seasonal dynamics and inter-annual variations as found in the monitoring data. A series of scenarios, representing changed external nutrient loadings (both increasing and decreasing compared to the current nutrient load), were set up to quantify the effects on the reservoir water quality. Changes relative to the current external nutrient load had a significant effect on the simulated TN and TP concentrations in the reservoir. Our impact assessment indicate that TN will meet the Chinese water quality requirements of the water source (Class III) when the external nitrogen load is reduced by 70%, whereas TP will meet the requirements even if the external phosphorus load is increased by 100% relative to current loads. The model predicts progressively higher summer and autumn phytoplankton biomasses in the scenarios with increasing external phosphorus loading and potential toxic cyanobacteria will become more dominant at the expense of diatoms and other algae. Strict control of the external nutrient loading is therefore needed to maintain good drinking water quality in the reservoir.
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HIGHLIGHTS

The state-of-the-art complex, dynamic, mechanistic model was used.
Phosphorus (P) is the key limiting factor in Jihongtan Reservoir.
Cyanobacteria are the dominant species and sensitive to changes in P.
Cyanobacteria blooms are the key water quality problem.
INTRODUCTION
In the past 200 years, many lakes have experienced increasing eutrophication due to anthropogenic increases in the external input of nutrients (point and non-point sources) (Wetzel, 1990; Wetzel, 1992). As a result of excess nutrient inputs [i.e., nitrogen (N) and phosphorus (P)], many lakes have undergone severe eutrophication and water quality deterioration, characterized by massive summer blooms of phytoplankton (especially cyanobacteria), low water transparency, reduced coverage and abundance of submerged macrophytes, dominance of plankti-benthivorous fish and a loss of biodiversity (Moss, 1998; WWF, 2018).
During the past few decades, great efforts and vast amounts of financial resources have been used globally to improve the ecological state of lakes by reducing the external nutrient loadings (Sas, 1989; Jeppesen et al., 2007). However, combating eutrophication remains a global challenge (Schindler, 2006; Carpenter, 2008; Conley et al., 2009; Wurtsbaugh et al., 2019). Multiple studies indicate that primary production is frequently limited by the supplies of N, P or both depending on their relative abundances (Elser et al., 2007). Half a century ago, phosphorus was recognized as the critical nutrient for primary production in aquatic ecosystems (Schindler, 1977), but recently focus has also been directed at the role of nitrogen in algae blooms (Trolle et al., 2008; Ma et al., 2018). Some existing paradigms regard P as the most important limiting nutrient in lakes (Schindler, 1977) while N is considered as the primary limiting nutrient in marine and terrestrial ecosystems (Vitousek and Howarth, 1991; Howarth and Marino, 2006). Nevertheless, strategies toward external nutrient control of P alone have so far had limited effect in several lakes, such as lakes Taihu and Donghu in China, lakes Apopka, George and Okeechobee in United States, and lake Kasumigaura in Japan (Havens et al., 2001; Conley et al., 2009). Recently, focus has also been on the role of nitrogen and some research indicate that controlling both N and P loads would be a more efficient management strategy for mitigation eutrophication in lakes (Lewis and Wurtsbaugh, 2008; Lewis et al., 2011; Özkundakci et al., 2011; Paerl et al., 2016; Wurtsbaugh et al., 2019). While, discussions of the roles of N and P continues, the urgent need to reduce external nutrient loadings to surface waters to protect drinking water resources and to reduce eutrophication, is widely recognized (Conley et al., 2009).
For drinking water sources, harmful algal blooms are considered one of the most serious threats associated to eutrophication (Paerl et al., 2019), promoting growth of potential toxin-producing algae such as cyanobacteria and in some cases dinoflagellates in lakes and reservoirs (Lewis et al., 2011). Harmful algal blooms produce taste, odor and toxins, potentially making waters unusable for drinking as it may threaten health (Koreiviene et al., 2014; Wurtsbaugh et al., 2019). Some of the harmful algal toxins are known to be more toxic than cobra venom (Cheung et al., 2013) and can thus harm humans, livestock, birds, and many other animal species, which may be in contact with the water (Stewart et al., 2008). Bioaccumulation of harmful algal toxins in fish and shellfish can also cause poisoning of their consumers (Carmichael and Boyer, 2016; Grattan et al., 2016). Currently, however, scientists are not able to predict when algal blooms are harmful since not all species in a particular bloom produce toxin (Wurtsbaugh et al., 2019). Hence, the only way to prevent water quality deterioration is controlling the occurrence of harmful algal blooms by reducing the external nutrient loading.
Jihongtan reservoir is a key water supply for Qingdao and the surrounding region with a population of 9.3 million inhabitants. In recent years, the external nutrient load has increased due to the pollution in the inflowing rivers. The reservoir TN:TP (mass ratio) ratio ranges from 28 to 830 (2000–2013). At present, eutrophication of the reservoir and production of microcystin toxins are the main water environment problems managers are facing. We used the state-of-the-art complex, dynamic lake ecosystem model FABM-PCLake (Hu et al., 2016) coupled with the one-dimensional, hydrodynamic General Ocean Turbulence Model (GOTM) (Burchard and Bolding, 2001) to quantitatively elucidate the impacts of changed external nutrient loadings on water quality attributes in the Jihongtan temperate drinking water reservoir in China. Our hypotheses were that 1) phosphorus concentration is the main limiting factor for Jihongtan reservoir as the TN:TP ratio is generally high, and 2) cyanobacteria blooms are the root cause of the water quality crisis in Jihongtan reservoir.
MATERIALS AND METHODS
Study Area
Jihongtan reservoir is the largest man-made dam-type reservoir (the reservoir is like a pool, with all boundary formed by concrete wall) located in the northwestern part of the town Jihongtan, North of Qingdao, China (120.22°E, 36.36°N) (Figure 1). The dam is octagonal with a design water level of 14.2 m at the dam, a length of 14.2 km, a surface area of 14.1 km2, a volume of approx. 1.57 × 108 m3, a hydraulic retention time of approx. 1.4 years, a minimum water level of 6.5 m, a minimum storage capacity of 3.55 × 107 m3, and a water supply of 3.0 × 105 m3/day. The reservoir is located downstream of the Yellow River, which is its sole source of inflow through a pumping station. The reservoir began operation on 25 November, 1989. The reservoir has no natural watershed since its elevated above the surrounding environment. The reservoir bottom area is flat and the soil is mainly clay with a low permeability. The region is characterized by both a monsoon and east pacific temperate coast climate. The annual mean temperature is 12.7°C, while annual mean precipitation is 662 mm (1998–2010), with pronounced rain in summer (May to July), accounting for 57% of the annual precipitation. According to the OECD (1982) classification, the reservoir trophic state varies from mesotrophic to eutrophic.
[image: Figure 1]FIGURE 1 | A map of the study area where ① represent the inlet pump station, ② and ③ are inflow and outflow observation locations, respectively. The map of China shows the location of the reservoir in the northwestern part of Qingdao City (red frame).
Model Description
The 1-dimensional, hydrodynamic-lake ecosystem model complex GOTM-FABM-PCLake (Bruggeman and Bolding, 2014; Hu et al., 2016) was used to simulate the time- and depth-varying distribution of water parameters in the Jihongtan reservoir. The model complex was run and the model simulations visualized through the graphical user interface QWET (formerly known as WET, Nielsen et al., 2017) version 1.3.1. Here, GOTM, the General Ocean Turbulence Model (Burchard and Bolding, 2001), is a library of traditional and state-of-the-art turbulence closure models used for the parameterization of vertical turbulent fluxes of momentum, heat, and dissolved and particulate matter (Umlauf and Burchard, 2005). FABM, the Framework for Aquatic Biogeochemical Models (Bruggeman and Bolding, 2014), is the coupling layer between the hydrodynamic model and the biogeochemical model. FABM-PCLake (Hu et al., 2016), which is a re-design of the 0-dimensional PCLake model (Janse and Liere, 1995), includes nine modules (abiotic_water, abiotic_sediment, phytoplankton_water, phytoplankton_sediment, macrophytes, zooplankton, fish, zoobenthos, and an auxiliary module). The model complex, GOTM-FABM-PCLake, has previously been applied to simulate long-term water quality dynamics in a deep and a shallow temperate lake (Chen et al., 2019; Andersen et al., 2020). The main reasons for choosing GOTM-FABM-PCLake were that the model 1) provides a detailed description of ecosystem processes that can be used to study complex aquatic ecosystems and 2) gives a detailed prediction of hydrodynamic and ecosystem components interactions.
Model Input
Boundary and forcing conditions for the model application to Jihongtan reservoir was confined to a 15-year (2000–2014) simulation period given the availability of data. Inputs consisted of a hypsograph, daily meteorological data, inflow and outflow of water, and nutrient concentrations in the inflow. The hypsographic configuration of the reservoir shape was supplied by Qingdao Hydrographic Bureau. The reservoir was divided into 11 vertical layers, the areas between layers and at the sediment-water interface were derived from a lake-specific hypsography (i.e. the relation between depth and horizontal area) with a maximum depth of 11.2 m. Meteorological forcing was represented by a three-hourly dataset of wind speed (eastward and northward component of wind at 10 m height, m/s), air pressure (hPa), air temperature (°C), relative humidity (%) and cloud cover (%), obtained from the Qingdao Meteorological Administration. Monthly average water inflow (m3/s), water outflow (m3/s), and inflow nutrient concentrations (mg/L) were used as boundary conditions based on monthly measurements of inflow, total nitrogen (TN) and phosphorous (TP) concentrations from Jihongtan Reservoir Authority (Figure 2). Input on nutrient concentrations to the model was divided into particulate organic phosphorus (PPOM, mg/L), orthophosphate (PO4, mg/L), particulate organic nitrogen (NPOM, mg/L), nitrate (NO3, mg/L), and ammonium (NH4, mg/L). The particulate organic fractions were derived from the mass balance calculations between total and inorganic nutrient concentrations.
[image: Figure 2]FIGURE 2 | Total nitrogen (TN) and total phosphorus (TP) concentrations in the inflowing water from 2000 to 2013.
Model Calibration and Validation
Modeling were split into warm-up (2000–2003), calibration (2004–2011), and validation (2012–2013), respectively. The warm-up period was used to reduce the uncertainty associated with model initialization related to model calibration (Chen et al., 2019). Model performance was optimized against measured values of water temperature (TEMPV), dissolved oxygen (DO), total nitrogen (TN), total phosphorus (TP), and chlorophyll a (Chl-a).
The model was calibrated using the auto-calibration tool ACPy (Auto Calibration Python) developed by Bolding and Bruggemann (http://bolding-bruggeman.com/portfolio/acpy/) to perform automatic optimization of a selected subset of model parameters via value adjustments within predefined and realistic ranges in order to minimize the difference between simulated and measured values (Moras et al., 2019). ACPy utilizes the differential evolution search method and a likelihood multi-objective function to narrow and optimize parameter-specific ranges.
Predefined parameter values, based on the observed water quality in more than 40 lakes (Janse, 2005), were used initially in the calibration. Parameters subject to calibration were identified and selected from the previous sensitivity analysis described by Janse et al. (2010); Schladow and Hamilton (1997), and Nielsen et al. (2014) as well as user experience during the actual calibration process. The auto-calibration tool allowed for a faster calibration process than previous manual calibrations (Chen et al., 2019; Andersen et al., 2020), resulting in a total of 124 parameters calibrated for the Jihongtan reservoir model. All calibration parameters have been provided in the Supplementary Table S1.
Calibration was conducted successive in a five-step procedure targeting in order: physical dynamics -> oxygen dynamics -> nitrogen dynamics -> phosphorus dynamics -> phytoplankton dynamics (and higher trophic levels). During each calibration step, thousands of model runs were executed via ACPy, ultimately producing an improved parameter value range of the selected parameters to increase model performance calibrations (Andersen et al., 2020). The improved parameter ranges were then applied in the next step of the calibration procedure. After each step, the RMSE (root mean square error) and R (correlation coefficient) were computed to evaluate performance for each output variable (TEMP, DO, TN, TP, and Chl-a) (Table 1). The stepwise calibration continued until model error could no longer be appreciably minimized.
TABLE 1 | Root-mean-square-error (RMSE) values and Pearson coefficients based on selected model outputs and observed data.
[image: Table 1]Scenarios
In order to predict the potential effects of a change in external nutrient loadings on water quality, a total of 60 nutrient loading scenarios were designed. Model input data (meteorological forcing, inflow and outflow of water, and inflow nutrient concentrations) from the three-year period 2007–2009 were looped until 2012, an adequate duration to be able achieve a stable state within the reservoir, because the external load is relatively stable in 2007–2009. The last three years of the scenario period were extracted for further analysis. To create different scenarios, the looped periods were subject to changes either as: 1) changes in external nitrogen loading within a range of −90 to +100% in increments of 10%, 2) changes in external phosphorus loading within a range of −90 to +100% in increments of 10%, and 3) changes in both external nitrogen and phosphorus loading within a range of −90 to 100% in increments of 10%. The environmental quality standards for surface water (GB 3838, 2002) and standards for drinking water quality (GB 5749, 2006) were applied to determine the needed nutrient load changes for acceptable simulated water quality.
RESULTS
Calibration and Validation
Overall, all water quality parameters (TEMP, DO, TN, TP, and Chl.-a) exhibited relatively good agreement between modeled and observed data for the entire calibration (2004–2011) and validation (2012–2013) periods.
Modeled water temperatures showed excellent agreement with observed data and temperatures were reproduced accurately, with a high R and small RMSE during the calibration (R = 0.99, RMSE = 1.68) and validation (R = 0.99, RMSE = 1.31) periods. Simulated temperatures across winter and summer spanned a temperature range of approx. 0–30°C and captured both timing and inter-annual variations (Table l; Figure 3).
[image: Figure 3]FIGURE 3 | Simulated (black line) and observed values (blue and green dots, respectively) for the calibration (2004–2011) and validation (2012–2013) periods.
Comparison of simulated and observed data for DO yielded R and RMSE values of 0.91 and 0.85 and 1.04 and 1.00, respectively, indicating a good correspondence between model and field observations during both the calibration and validation period. Simulated DO generally increased in winter to around 12–14 mg/L and decreased in summer to around 6–8 mg/L. The model captured reasonably well the seasonal dynamics and inter-annual variations of DO with low RMSE, but for some years the model simulations tended to underestimate DO in winter (Table l; Figure 3).
The dynamics of in-reservoir TN were largely driven by inflow nitrate, which contributed 50–80% of TN. Generally, the TN dynamics showed good agreement with measurements from both the calibration and validation period (Table l; Figure 3), and the modeled TN also exhibited the same seasonal dynamics and inter-annual variations as the monitoring data. However, the model underestimated nitrogen in summer and overestimated it in winter by approx. 25% over the whole simulated period.
The model succeeded in capturing the seasonal patterns and inter-annual variations of TP despite the highly variable observations (Table 1; Figure 3). For both the calibration and the validation period, the performance statistics were poor most likely due to imprecize observed field concentrations that were sometimes near the detection limit (0.003 mg/L) and thus yielded low R but also low RMSE values. Over the whole simulated period, the model overestimated TP in summer and underestimated it in winter.
The GOTM-FABM-PCLake model set up in included three phytoplankton groups: cyanobacteria, diatoms, and green algae (other algae). As the optimal growth temperature of algae differ, diatoms are the dominant class in spring and cyanobacteria in summer (Chen et al., 2019). According to our calibration, the optimal growth temperature of diatoms and cyanobacteria in Jihongtan reservoir were 18.7 and 26.3°C, respectively. For Chl.-a, the model captured the observed dynamics during both the calibration and the validation period (Table 1). Simultaneously, the model successfully reproduced the seasonal dynamics and changes with time of Chl.-a (Figure 3). In the last years of the validation period (e.g., 2013), however, the model tended to underestimate Chl.-a concentrations somewhat in summer and autumn.
Simulating the Influence of Changes in External Nutrient Loading
In the Jihongtan reservoir ecosystem, total nitrogen (TN) mainly originates from inflowing streams (from Yellow River through a pumping station). Nitrate accounts for 50–80% of the in-reservoir TN. The TN content showed significant seasonal dynamics and inter-annual variations, peaking in late spring and early summer and being lowest in late summer and early autumn.
In the baseline model simulation (representing the current nutrient loading level), TN far exceeded the water quality requirements of the water source (Class III) using the environmental quality standards for surface water (Supplementary Table S2; Figure 4) (GB 3838–2002; GB 5749–2006). In terms of annual averages, the TN content in the reservoir will meet the standard for surface water when the external nitrogen loading is reduced by 70%. Seasonal changes in the external nitrogen loads have great impact on the TN concentration in the reservoir (Figure 4). In spring, summer, autumn, and winter, the TN content of the reservoir will meet the water quality requirements of the water source (Class III) in accordance with the environmental quality standards for surface water when the external nitrogen load is reduced by 80, 70, 60, and 70%, respectively (Figure 4).
[image: Figure 4]FIGURE 4 | The effects of changed external nutrient loading on different seasonal mean values of TN in the Jihongtan reservoir. Errorbars represent standard deviation between years of the simulation.
As for nitrogen, the phosphorus loading to the Jihongtan reservoir mainly comes from inflowing streams (from Yellow River through a pumping station). The content of TP also showed clear seasonal dynamics and inter-annual changes. The peak and minimum value appeared in winter and summer, respectively. In the baseline model simulation, the TP content in the Jihongtan reservoir was below 0.025 mg/L throughout the year, which fulfills the water quality requirements for Class II in the environmental quality standards for surface water as well as the water quality requirements of the water source (Supplementary Table S2; Figure 5). The simulation results show that there are significant effects of the external phosphorus loading on the TP concentration in the reservoir in the different seasons (Figure 5). Nonetheless, the results of simulations from 60 different scenarios showed that even if the external phosphorus loading is increased by 100% relative to the current value, the phosphorus content of the reservoir will still meet the water quality requirement for the water source in the environmental quality standards for surface water (Class III; for water sources, the phosphorus content should be less than 0.05 mg/L, Supplementary Table S2).
[image: Figure 5]FIGURE 5 | The effects of changed external nutrient loading on different seasonal mean values of TP in the Jihongtan reservoir. Errorbars represent standard deviation between years of the simulation.
The water nutrition status for oligotrophic, mesotrophic, eutrophic and ultra-eutrophic state, respectively, may be classified in terms of the Chl.-a concentration of the water body being <2.5 μg/L, 2.5∼8.0 μg/L, 8.0∼25.0 μg/L, and 25∼75 μg/L, according to the classification criteria for water nutrition status from OECD (1982). The Chl.-a concentration of Jihongtan reservoir exhibits marked seasonal dynamics and inter-annual changes with maximum values in summer and autumn and minimum values in winter. The annual average Chl.-a concentrations of the simulated scenarios indicate an oligotrophic state when the external phosphorus loading is reduced by 40% and according to the Chl.-a concentration the reservoir will remain in a mesotrophic state even if the external phosphorus loading is increased by 100%. However, there are significant difference in the influence of the external phosphorus loading on Chl.-a concentrations in the reservoir over the season (Figure 6). In spring and autumn, the reservoir Chl.-a concentration is indicative of an oligotrophic state when the external phosphorus loading is decreased by 40 and 60%, respectively. In summer, an 80% reduction of the external phosphorus loading is required before the reservoir Chl.-a concentration reach oligotrophic status, and increased by 20% the eutrophic status is reached. In winter, the reservoir Chl.-a concentration is constantly in oligotrophic status in all external nutrient loading change scenarios (from −90 to +100%) (Figure 6). It is worth noting that model predictions for phytoplankton biomass included cyanophytes, green algae, and diatoms. In summer and autumn, cyanobacteria are predicted to be the dominant group in the reservoir (constituting 90% of the phytoplankton biomass), and cyanobacteria Chl.-a is the main source of Chl.-a in water (Figure 7; Supplementary Figures S1–S6).
[image: Figure 6]FIGURE 6 | The effects of changed external nutrient loading on different seasonal mean values of Chl.-a in the Jihongtan reservoir. Errorbars represent standard deviation between years of the simulation.
[image: Figure 7]FIGURE 7 | The effects of changed external nutrient loading on the summer dry weight of cyanobacteria biomass in the Jihongtan reservoir. Errorbars represent standard deviation between years of the simulation.
DISCUSSION
Model Performance
Our study applied the coupled hydrodynamic-ecosystem model GOTM-FABM-PCLake (Hu et al., 2016) and the ACPy automatic calibration tool to a temperate reservoir ecosystem combined with a likelihood function as the objective function. Overall, with a few exceptions, the model was able to reproduce the measured data during the calibration and validation periods, which indicates that the model tracked well the seasonal dynamics and inter-annual variations. Compared with the R values of relevant water quality variables in 153 individual aquatic ecological modeling studies reviewed by Arhonditsis and Brett (2004), the present study generally performs better than 40–70% of previous studies. Therefore, we conclude that the performance of the GOTM-FABM-PCLake model complex for Jihongtan reservoir was satisfactory and can be applied in predicting and evaluating the effects of changes in the external nutrient loading on the water quality of the reservoir.
Simulating Effects of External Nutrients Loading
Although a reduction of the external nutrient loading is the key to mitigating eutrophication, quantification of the required reduction for specific lakes/reservoirs is critical (Elser et al., 2007; Cui et al., 2016). According to the Chinese Standard GB3838–2002, TN and TP of the water source should be lower than 1.0 mg/L and 0.05 mg/L (Class III; Supplementary Table S2), respectively. The model simulations showed that TN in the Jihongtan reservoir will meet the water quality requirements of the water source (Class III) when the external nitrogen loading is reduced by 70%, while TP concentrations in the reservoir will still meet the requirement (Class III) even if the external phosphorus loading is increased by 100%. The change in the external phosphorus loading had no clear effect on the TN of the reservoir; similarly, the change in the external nitrogen loading has no marked effect on the TP. Research has shown that TN:TP ratios (by mass) > 14:1 in the water indicates excessive N where P is the limiting factor for algae growth. Conversely, when TN:TP < 14:1, it is indicative of phytoplankton likely being limited in growth by available P (Downing and McCauley, 1992). We found that TN:TP was much greater than 14 in several scenarios in the Jihongtan reservoir ranging from roughly 100 to 200 during the summer for −90 to +100% NP load change (Supplementary Figures S7–S9). This is consistent with our first hypothesis. Eutrophication control in the Jihongtan reservoir should therefore focus on reducing the P load, but to meet the N standard for drinking water N load reduction is also required.
In lakes and reservoirs, a key symptom of eutrophication is algae blooms (Conley et al., 2009). Excess P in the water column leads to blooms of toxin-producing cyanobacteria that create taste and odor problems and threaten the safety of drinking water (Wurtsbaugh et al., 2019). According to the model simulations, cyanobacteria were the main component of the phytoplankton community in the reservoir (Figure 7), and cyanobacteria Chl.-a content accounted for more than 90% of the total Chl.-a content of the phytoplankton (Supplementary Figures S1–S6), corresponding to our second hypothesis. The model also predicts progressively more severe summer and autumn blooms in the scenarios of an external P loading increase (Supplementary Figures S10–S12). A likely explanation of this could be that summer and autumn not only have nutrient (including macronutrients and micronutrients) conditions suitable for algae growth, but also favorable light and temperature conditions (Otten and Paerl, 2015; Glibert and Burford, 2017). The summer and autumn Chl.-a concentrations of phytoplankton will increase and so will the biomass and dominance of cyanobacteria. Based on our simulations, cyanobacteria constitute a larger proportion of the phytoplankton community with increasing external P at the expense of diatoms and other algae, implying that the Chl.-a increase is mainly due to an increase in cyanobacterial biomass (Supplementary Figures S1–S6). This means that phytoplankton in the reservoir ecosystem respond immediately to external P loading changes, but not to changes in N loading. In the consultation draft of the lake nutrient benchmark technical report published by the Ministry of Ecology and Environment, China, the maximum Chl.-a concentration allowed to avoid a potential harmful situation is 3.4 μg/L. According to the model results, if this requirement has to be met in summer and autumn, the external P loading needs to be reduced by 60 and 30%, respectively.
The water crizes occurring worldwide warn us that algae toxins produced by cyanobacterial blooms in drinking water reservoirs needs to be considered. In 2007, the outbreak of cyanobacterial blooms in Taihu Lake in China produced a large amount of hepatoxins, causing a drinking water disaster that directly affected nearly ten million people in the Taihu Basin (Paerl et al., 2011). In 1996, cyanobacterial toxins in a reservoir in Brazil killed 76 people with the water plant’s filtration system damaged (Wurtsbaugh et al., 2019). Recent studies have also revealed that there is a significant correlation between harmful algal blooms and deaths caused by liver-related diseases (Zhang et al., 2015). In a study by Poste et al. (2013) algae toxin levels were also found to correlate with P concentrations, with variations in the types and amounts of toxins (Wurtsbaugh et al., 2019). Nevertheless, scientists cannot yet predict when algae blooms will produce toxins (Wurtsbaugh et al., 2019). Therefore, in order to prevent the occurrence of water quality crizes in the Jihongtan reservoir, the best option currently is to prevent the occurrence of potentially harmful algal blooms by reducing the external P loading and in some lakes, not least the shallow lakes, by reducing both N and P loading (Paerl et al., 2016).
Recommendations and Management Actions
Ecological models are useful tools to quantify and elucidate the potential effects of changes in the external nutrient loading, and they may thus assist managers in implementing reservoir restoration efforts (Jørgensen, 1976). Seen in light of this, our model results are important since 60 external nutrient loading scenarios indicate a potential water quality crisis. According to the GOTM-FABM-PCLake model for Jihongtan reservoir, a reduction of the external P loading will be effective at controlling algae blooms, while a reduction in N loading will not be sufficient as P is a major limiting factor for cyanobacteria in the Jihongtan reservoir. Nevertheless, a reduction in the external nitrogen load by 70% is required to meet the water quality requirements of the water source (Class III), as the current state of knowledge prevents ecologists from accurately understanding the actual role of these nutrients in the ecosystem (Elser et al., 2007). Zhang and Jørgensen (2005) suggested that the content of Chl.-a in the water of the reservoir should be kept at 4.1–10.0 µg/L or lower. So far, the Jihongtan reservoir Chl.-a content has always remained within this range, but if the external P loading increases by more than 40%, the Chl.-a will exceed this limit in summer and autumn. Therefore, the input of external N and P should be strictly controlled in order to maintain good water quality in the reservoir. This may include 1) change of the land use pattern in the Yellow River Basin, reduction in the use of fertilizers, proper handling of manure, and a strengthening of soil conservation practices; 2) construction of special wastewater treatment facilities for agriculture, industry and urban areas around the reservoir (Paerl et al., 2019); 3) establishment of a grass protection belt around the reservoir to reduce the nutrient input from rainfall and snowfall (Jeppesen et al., 2005) as control of nonpoint pollution has proved difficult and 4) construction of an artificial wetland at the water inlet of the reservoir so that particulate nutrients in the inflowing water will settle and dissolved nutrients may be taken up by the wetland plants and epiphytes (Dunne et al., 2013; Dolph et al., 2019).
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