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Abstract

Freshwater ecosystems including lakes and reservoirs are hot spots for retention of excess
nitrogen (N) from anthropogenic sources, providing valuable ecological services for
downstream and coastal ecosystems. Despite previous investigations, current quantitative
understanding on the influential factors and underlying mechanisms of N retention in lentic
freshwater systems is insufficient due to data paucity and limitation of modeling techniques.
Our ability to reliably predict N retention for these systems therefore remains uncertain.
Emerging high frequency monitoring techniques and well-developed ecosystem modeling
shed light on this issue. In the present study, we explored the retention of NOs-N during a
five-year period (2013-2017) in both annual and weekly scales in a highly flushed reservoir
in Germany. We found that annual-averaged NOs-N retention efficiency could be up to 17%
with an overall retention efficiency of ~4% in such a system characterized by a water
residence time (WRT) of ~4 days. On the weekly scale, the reservoir displayed negative
retention in winter (i.e. a source of NO3-N) and high positive retention in summer (i.e. a sink
for NOs-N). We further identified the critical role of Chl-a concentration together with the
well-recognized effects from WRT in dictating NOs-N retention efficiency, implying the
significance of biological processes including phytoplankton dynamics in driving NOs-N
retention. Furthermore, our modeling approach showed that an established process-based
ecosystem model (PCLake) accounted for 58.0% of the variance in NO3-N retention
efficiency, whereas statistical models obtained a lower value (40.5%). This finding
exemplified the superior predictive power of process-based models over statistical models
whenever ecological processes were at play. Overall, our study highlights the importance of
high frequency data in providing new insights into evaluating and modeling N retention in

reservoirs.
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1. Introduction

The drastically disrupted nitrogen (N) cycling by human activities has become one of
the planetary systems exceeding its boundary and thereby stands out of the ‘safe operating
space’ (Rockstrom et al. 2009). It is estimated that anthropogenically created N amounted to
187 Tg in 2005 (equivalent to total fixed N from natural processes), which originated mostly
from Haber-Bosch industrial production, agricultural fertilization, land use change, and fossil
fuel combustion (Canfield et al. 2010, Galloway et al. 2008). One third of the excess N,
however, is ultimately transferred from the land into the ocean, deteriorating estuaries,
coastal and offshore areas with severe eutrophication and hypoxia (Galloway et al. 2004,
Harrison et al. 2009, Seitzinger et al. 2006, Vitousek et al. 1997, Yu et al. 2019).

Lakes and reservoirs are important inland aquatic systems providing valuable
ecological services for downstream waters, including N removal via denitrification, whenever
hypoxic or anoxic conditions prevail, and to a lesser extent by burial in sediment (Harrison et
al. 2009, Saunders and Kalff 2001). It is estimated that on a global scale, overall retention
capacity of lakes and reservoirs is ten times higher than that of terrestrial systems, and
approximately 20% of total denitrification occurs in freshwater systems including lakes and
reservoirs (Seitzinger et al. 2006). The disproportional important role of small lentic systems
in removing nutrients has also been gradually recognized (Cheng and Basu 2017, Harrison et
al. 2009). In addition, increasing number of reservoirs around the globe (Lehner et al. 2011)
demonstrates the importance to better understand the role of reservoirs in N cycling in the
landscape.

Nonetheless, to reliably predict N removal capacity for a given inland aquatic system
remains challenging. N retention efficiency of aquatic systems varies from around 10% in the

catchment of Upper Mississippi River (Loken et al. 2018) to almost 90% in Waikato Basin
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(Alexander et al. 2002). The huge variability and its underlying causes may have large
impacts on management, as the retention capacity of these systems can determine the strategy
against nutrient pollution by either emphasizing on upstream control or relying on the
downstream elimination in aquatic systems. The controversy may be reconciled by better
resolved monitoring data and more mechanistic aquatic ecosystem models that enable to link
N removal to the underlying mechanisms and their controlling environmental factors.

It has been demonstrated that influential factors driving N retention in lakes and
reservoirs include N loading, water residence time (WRT), water depth, water temperature
and total phosphorus (TP) concentrations (David et al. 2006, Finlay et al. 2013, Harrison et
al. 2009, Saunders and Kalff 2001, Tong et al. 2019, Windolf et al. 1996). However, these
studies on N retention in lakes or reservoirs were mostly based on an inter-annual budget,
whereas few studies paid attention to intra-annual patterns including seasonal or even finer
temporary scales. Relevant biological processes such as phytoplankton growth that are
strongly interactive with nutrient dynamics have been overlooked in general. We argue that in
inter-annual investigations, the effects of biological processes that undergo strong seasonal
variations on N retention are simply not resolvable. High-frequency monitoring (Porter et al.
2012) allow to investigate the effects of biological processes on the N budget of aquatic
systems at intra-annual temporary scales. Ultimately, the urgent need for iterative near-term
ecological forecasting (Dietze et al. 2018) calls for the prediction of water quality issues such
as nutrient retention on a much shorter temporal scale. This is also relevant because key
characteristics like WRT, water temperature or N loading can display considerable intra-
annual variations.

Current understanding of N retention in lakes and reservoirs is hampered not only by

observational data but also by modeling techniques. While the statistical modeling based on
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regional or global datasets have demonstrated their capacity in predicting N retention in lakes
and reservoirs on the basis of annual budgets, they cannot link to the underlying processes
and are unable to dynamically predict N retention at sub-annual timescales. Process-based
ecosystem models, on the other hand, generate dynamic nutrient budgets and predict nutrient
retention by explicitly addressing the processes and mechanisms underlying (Janssen et al.
2019). Therefore, we expect a superior performance of process-based ecosystem model over
statistical model in projecting N retention in lentic ecosystems such as reservoirs.

Taken together, we aim to address the following research questions in the present
study: Can high frequency data provide new insights into N retention in reservoir at both long
(annual) and short (weekly) temporal scales? Can we resolve the impact of seasonal
ecosystem dynamics on N retention and link retention to specific ecological processes? Can
we take advantage of the recent advancements in aquatic ecosystem modeling to predict N
retention in a dynamic framework? To this end, the specific goals of this study are as follows:
1) to investigate N retention on different temporal scales (annual and weekly) in a reservoir
system (Konigshutte Reservoir, Central Germany) with a 5-year data set from high-frequency
monitoring; 2) to adjust existing statistical models addressing the combined effects of both
hydrological and biological factors on N retention in this reservoir; 3) to investigate whether
process-based ecosystem models have better predictive abilities for N retention than
statistical models; and 4) to provide new insights and implications on lake and reservoir

management for mitigation of excess N.

2. Materials and methods

2.1 Study site

Konigshltte Reservoir is one of six reservoirs in the Rappbode Reservoir system in
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Harz Mountains, Germany (Fig. 1), located at a crest elevation of 423.3 m a.s.l. (Rinke et al.
2013). The reservoir has a mean depth of 4.9 m (maximum 13.0 m), a maximum surface area
of 28.5 ha, and a maximum water volume of 1.4x10® m3. The average WRT is very short
(within 4.3 days) so that the reservoir is a highly flushed system. The catchment area is 154.2
km?, with forest and grassland (meadow) as the main land use types (approximately 90%).
The reservoir receives water from two riverine inflows (Kalte Bode and Warme Bode). The
outlets are discharging either into the downstream river Bode towards Wendefurth Reservoir
(gauge Hirtenstieg) or into a water transfer gallery towards Rappbode Reservoir. The water
gallery delivers approximately one third of the annual inflow into Rappbode Reservoir, which
is the largest drinking water reservoir in Germany in terms of volume, providing drinking

water to more than one million people (Wentzky et al. 2018a).

2.2 Water budget

Hydrological data, including water level (m a.s.l.), water volume (10° mq),
precipitation (mm) and water discharges for the two inflows and the two outflows (m3-s)
from January 1%, 2013 to December 31%, 2017, were provided on a daily basis by the
reservoir authority of the state Saxony-Anhalt, Germany (Talsperrenbetrieb Sachsen-Anhalt).
Diffusive inflow from the shore of the reservoir is estimated as 7.5% of the inflow of Warme
Bode based on the ratio of surface areas. Groundwater input, output and evaporation loss
were considered negligible and not included. Water surface area was derived from water level
changes and the hypsographic curve of the reservoir linking water level to surface area (Fig.
S1). The water budget is fully balanced during the five years of investigation by slightly
adjusting the inflow of Warme Bode, based on the fact that the flow measurement in Warme

Bode is most likely to be biased due to channel dynamics, while the water flow
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measurements in other locations are more reliable due to stable artificial channel.

2.3 High frequency monitoring data
Data from the high frequency monitoring in Konigshitte Reservoir are part of the
Rappbode Reservoir Observatory (Rinke et al. 2013), which belongs to the TERENO project

(http://www.tereno.net). There are three sampling sites equipped with probes, namely, YBK

(Kalte Bode), YBW (Warme Bode) and YKB (Konigshutte Reservoir, at the dam) (Fig. 1).
These probes include optical sensors (ProPS, TRIOS, Germany) measuring light extinction in
the UV spectrum (190-360 nm) providing continuous and automatic measurements on
concentrations of NOs-N, and a multi-parameter probe (YSI6800, YSI, USA) measuring
water temperature and chlorophyll a. The data measured on-site are automatically transferred
to a central server viaa GSM module and stored in a database, from which we collected the
data for the three sample sites during January 1%, 2013 and December 31%, 2017. NOs-N
concentrations (mg-L™) and water temperature (°C) were measured at all stations in a time
step of 10 min. Chl-a concentrations were measured at the same frequency only at YKB
because the inflows contained no suspended algae given their rather short channel lengths
through forested, mountainous areas. The data were pre-processed to eliminate outliers using
Grubbs’ test (Grubbs 1950) with the null hypothesis that no outliers exist in a normally
distributed data set. The missing values (outliers or functional failure of the instruments) in
the time series for NO3-N and water temperature (fraction ranged 0.1-1.9%) were replaced by
linear interpolation (not for Chl-a due to a larger missing fraction of 11.8%) (Table S1).

In addition to the high frequency monitoring, there was also a regular field sampling
program (biweekly) from January 2016 to December 2017 at the same three sites. Water

samples were collected and transported back to the laboratory for wet chemical analysis of
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TN, NOs-N, NH4-N, TP, and SRP, as outlined by Friese et al. (2014).

2.4 Nitrate budget calculation

Since inorganic N in the inflows and reservoir is mostly present in form of nitrate,
ammonia is not important in the system (e.g. NOs-N: 0.77+0.28 mg-L, NH4-N: 0.02+0.02
mg-L in both inflows from 2016 to 2017). Therefore, we established a dynamic NO3z-N
budget for Konigshitte Reservoir during 2013 and 2017 on both annual and weekly scales.
We quantified riverine NOz-N inflow and outflow loads based on both discharges and NOs-N
concentrations. NOz-N inputs include riverine input from Kalte and Warme Bode plus
atmospheric deposition onto the water surface of the reservoir. The atmospheric deposition,
including both dry and wet, was estimated to be 5.5 g ha* d* for central Germany
(Boltersdorf et al. 2014). Konigshutte Reservoir has a mesotrophic state (Carlson 1977) with
an average TP concentration of 0.020 (0.008-0.053) mg-L* at YKB during 2016 and 2017.
Water bodies with low productivity usually have low input of N from bacterial fixation,
which was on average estimated to be 0.3% of the external input (Finlay et al. 2013).
Therefore, biological N fixation was not included in the budget. Total outputs include
riverine outflow towards Hirtenstieg and the water gallery. Other output processes such as
fish production and groundwater were not considered due to their minor contributions.

We calculated annual NOs-N retention rate (Nretrate; Mg N-year™) and retention
efficiency (Nret,%; %) during 2013-2017 following the equations below. All components have

the same unit of Mg N per day.
Nret,rate =2 I + > Dt — > Or,d (eq. 1)

Nretwo = (T 1L + Dot — X 0r.4)/ (T L + X Dar) (eq. 2)

where I, represents the total riverine NO3-N inputs; Da: represents the total atmospheric NOsz-
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N deposition; Or 4 represents the total riverine NOs-N outputs. Likewise, weekly NOs-N
retention was calculated based on weekly instead of annual data. Note that NO3-N retention is
composed of both NOs-N being removed (removal) and NO3-N being stored within the
reservoir water (see Sl text for detailed description), while the change in NOs-N transitory

storage is negligible in comparison to the total input or removal.

2.5 Statistical modeling on the annual scale

We utilized several statistical models for predicting N retention efficiency on the
annual-scale (Table 1). These models include SPARROW, NiRReLa, RivR-N and those
proposed by Windolf et al. (1996) and David et al. (2006), all of which have been developed
and tested by other field data. We compared the estimations from these models to the
calculated annual NOs-N retention efficiency in Konigshitte Reservoir in each of the five

years being investigated.

2.6 Statistical modeling on the weekly scale

To analyze the combined effects of different biological and hydrological factors on
Nret (@nd also Nretrate), @ Stepwise selection using linear regression models was applied.
Calculated Nret,% (and also Nretrate) On a weekly basis were considered as the response
variables. We performed the Farrar-Glauber (FG) test to check for multicollinearity among
the explanatory variables, using functions ‘omcdiag’ and ‘imcdiag’ for overall and individual
diagnose, respectively, from the ‘mctest’” package in R (Imdadullah et al. 2016). After
multicollinearity was eliminated, we used autoregressive model (‘acf” (autocorrelation
function) and ‘pacf” (partial autocorrelation function) in R (R Core Team 2018)) to identify

the existence and order of autocorrelation in the time series. We further performed Durbin-

10
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Watson (DW) test by ‘dwtest’ in R package ‘Imtest’ (Zeileis and Hothorn 2002) to check for
the first-order autocorrelation in the residuals of ordinary least squares (OLS) models (if any),
which would overestimate the model performance (Shultz et al. 2018). In case of significant
results from DW test, we applied the generalized least squares (GLS) model by ‘gls’ in R
package ‘nlme’ (Pinheiro et al. 2012), which is a modified OLS model to deal with
autocorrelation in the model residuals. Bayesian information criterion (BIC) was used as
criterion for model selection during the stepwise procedure, while we also referred to RMSE
(root mean squared error), AlC. (Akaike’s information criterion corrected for small sample
sizes) and adjusted r? (r? adjusted for the number of terms included in the model). All analysis

were performed using R statistics program version 3.4.3 (R Core Team 2018).

2.7 Predictions from process-based ecosystem modeling

PCLake model is an ecosystem model for temperate shallow non-stratified lakes. The
model is composed of a mixed water column and a sediment surface layer (Janse 2005).
Biogeochemical cycling of C, N and P is highly resolved in this model including relevant
processes like denitrification, algal uptake and sedimentation. We assumed that PCLake is
applicable to Konigshutte Reservoir because stratification hardly occurs except short episodes
during high summer temperature when stratification is restricted to a small spot in front of the
dam. During these episodes, the hypolimnion contributes only a very low fraction (<10%) to
the overall volume and its contribution to N processing can therefore be neglected. The input
data of PCLake included water discharge (inflow and outflow), TN and TP loading, and lake
water temperature, which were prepared based on the high-frequency dataset described
above. According to the laboratory data during 2016 and 2017 in the inflows, TN

concentration was approximately 1.6 times of NOs-N concentration, NH4-N concentration

11
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was approximately 2.4% of NOz-N concentration, and TP concentration was about 2% of TN
concentration (all provided as median values). We estimated TN and TP loading based on
nitrate loading, and fractions of NO3z-N, NHs-N in the TN loading were also applied to the
model accordingly. In addition, given that PCLake was developed for temperate shallow
lakes, we applied the default settings for daily light intensity and day length from the model
(Janse 2005). Model simulation starts from Jan. 1%, 2013 to Dec. 31%, 2017 at a time step of
one day. Initial condition of the model was derived from the clear lake state setting calibrated
from over 40 Dutch lakes (Janse et al. 2010) but with relatively low macrophytes density (1
g-m) because there was hardly macrophytes in the reservoir. To eliminate the effect from
the initial conditions, we added a ‘burn-in’ period of five-year before the simulation with the
same external condition in 2013, following other modeling approaches with PCLake (Kong et
al. 2017a, Kuiper et al. 2015). This procedure allows the model to start the simulation at
equilibrium. Model outputs were validated by data for various water quality variables in the

reservoir.

3. Results

3.1 Total NO3-N budget for 2013-2017

High frequency data of NOs-N concentrations, Chl-a concentrations (YKB only) and
water temperature at the three sampling sites from 2013 to 2017 provide between 232,542 and
269,300 data points per station (Fig. 2 and Table S1). The high frequency data of NO3z-N
concentrations are reliable based on the comparison with those measured in laboratory at the
same time (see Fig. S2 and descriptions in the Sl text for more details). Total riverine input and
output of NOs-N during the five years were 440.76 Mg and 423.16 Mg, respectively (Fig. 3).

Warme Bode (YBW) accounted for the dominant fraction of the NOs-N input (76.9%). The

12
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outputs, on the other hand, were equally distributed between Hirtenstieg (50.2%) and the
gallery (49.8%). Atmospheric deposition of NO3-N was 0.25 Mg, providing a marginal
contribution to the total budget. Similarly, the change in NO3-N storage amounted to only 0.45
Mg. Over the five years, total amount of NOs-N being removed from and retained in the

reservoir amounted to 17.85 Mg, corresponding to a total retention efficiency of 4.05%.

3.2 NOs-N retention on the annual scale

On the annual scale, NOs-N retention efficiency varied and ranged from -2.89%
(2017) to 16.53% (2014) in Kdnigshutte Reservoir (Fig. 4), while NO3-N retention rate varied
from -32.43 mgN-m2.d* (2017) to 124.87 mgN-m2-d* (2014). We found much higher NOs-
N retention in 2014 compared to the other years. Statistical models predicted the inter-annual
variations of NOs-N retention efficiency during 2013 to 2017 with distinct performances
(Fig. 4). For the three models (RivR-N, David et al. and Windolf et al.) that only require
hydraulic load (Qs), predictions were mostly inconsistent with observations, with a tendency
to underestimate the higher values (2014) and overestimate the other lower ones. On the other
hand, for the other two models (SPARROW and NiRReLa) incorporating both Qsand settling
velocity (vs), predictions were consistent with most of the observations except for the
negative value in 2017, only when vs was calibrated for each year separately. Our results
indicate that NOs-N retention efficiency cannot be properly predicted by variability in Qs

only.

3.3 NOsz-N retention on the weekly scale

The weekly N-retention showed considerable variation over the seasons that exceeded

the inter-annual variance markedly, while weekly retention efficiencies ranged from -66.58%

13
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to 99.05%, and the inter-annual retention efficiency varied between -3% to 17% (compare
Fig. 4 and 5). We observed a significant seasonal pattern of weekly NOs-N retention
efficiency with values generally highest in summer and lowest during late winter and early
spring. For NOs-N retention rate (ranged from -694.9 mgN-m=2.dto 857.1 mgN-m2.d?), a
less significant seasonal patterns was observed, but we found lower variance in summer than
in other seasons (Fig. S3). On the other hand, characteristic seasonal variations in NO3z-N
loading, NO3-N concentration, Qs, WRT, water depth, water temperature and Chl-a
concentrations were observed (Fig. S4). We found significant correlations between NO3z-N
retention efficiency (as well as retention rate) and all the seven factors above (Fig. S5). The
correlation analysis suggested negative effects from NOz-N loading, NOs-N concentration,
and Qs, whereas positive effects from WRT, water temperature and Chl-a concentration on
NOs-N retention were detected (Fig. 5 and Fig. S3). We therefore proceeded to establish
multiple linear regression models to quantify the contributions of different factors on NOs-N

retention efficiency and rate.

3.4 Statistical modeling of weekly NO3-N retention

On a weekly scale, we first considered Qs, WRT, NOz-N loading, NOs-N
concentration, water depth, water temperature and Chl-a concentration as the seven potential
explanatory variables for the response variables of NOs-N retention efficiency and rate. We
removed all the observations (weeks) without valid Chl-a data (29 out of 261). FG test
implied the presence of multicollinearity among the seven explanatory variables (Chi-square
test statistic 1442.36). The multicollinearity in the model primarily attributed to Qs (variance
inflation factor (VIF)=22.59), NOs-N loading (VIF=20.33) and NO3-N concentration

(VIF=4.25), as the theoretical threshold value of VIF at 5% level of significance would be

14
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2.14 for a degree of freedom of (6, 225). Qsand NOs-N loading exhibited a strong correlation
to WRT (Fig. S5). Given that hydraulic load Qs and WRT are both scaling with the inflow
discharge, and the strong correlation between NOs-N loading and WRT, Qs and NO3z-N
loading were both discarded in the following model analyses. Collinearity was subsequently
lower, whereas VIF of water temperature (3.62) and NO3-N concentration (3.00) were still
high. We further removed these two variables, resulting in the explanatory variables
including WRT, water depth and Chl-a concentration without multicollinearity. Initial results
of multilinear regression modeling using OLS suggested the significant positive effects of
WRT and Chl-a concentration (p<0.001) on NOz-N retention. However, we found a
significant spike at a lag of 1 (week) in the time series of response variables (retention rate,
retention efficiency) and explanatory variables (WRT and Chl-a concentrations), implying
first-order autocorrelation in the dataset (Fig. S6 and S7). The DW statistics were 1.0052
(p<0.01) and 1.1786 (p<0.01) for the models of retention efficiency and rate, respectively,
both suggesting significant positive autocorrelation in model residuals. We concluded that the
autocorrelation in model residuals needs to be accounted by using the GLS model. We
selected the correlation structure of first-order autoregressive process (AR(1)). The best
statistical model with explanatory variables including WRT and Chl-a explained 40.5% of
total variability in weekly NOs-N retention efficiency (Table 2) with normally distributed
residuals (Fig. S8). For NOs-N retention rate, the best model included WRT and Chl-a
concentration as the explanatory variables, accounting for only 9.6% of the total variability
(Table S2). We concluded that weekly NOs-N retention rate overall cannot be properly
predicted by statistical modeling in Kénigshiitte Reservoir. Water depth is not a significant

explanatory variable in both models.
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3.5 Process-based ecosystem modeling for NOs-N retention

Without calibration, the process-based ecosystem model PCLake performed well in
predicting the dynamics of NO3-N and Chl-a concentrations in Konigshltte Reservoir from
2013 to 2017 (NO3-N: R?=0.859, RMSE = 0.193; Chl-a: R?=0.702, RMSE = 3.225; Fig.
6A and B). In addition, PCLake model prediction for TN, ammonia, organic N and TP were
consistent with observations (Fig. S9 and Table S3). This result implied that the chance of
overparmeterization was low in the mechanistic model. Intriguingly, PCLake showed a
higher prediction power for NOs-N retention efficiency than the statistical model (Fig. 6C),
such that PCLake accounted for 58.0% of the variability in NOs-N retention efficiency, while
statistical models with explanatory variables of WRT and Chl-a concentration obtained a
lower value (40.5%). One reason for the superior power of PCLake was its ability to predict
negative NOs-N retention efficiency that usually occurred during winter and spring times,
whereas the statistical model could hardly predict negative retention efficiencies (Fig. 6C).
The regression line from PCLake-derived N retention is close to the 1:1 line while the
regression line from the statistical model is strongly deviating from the 1:1 line and had a

much lower slope.

4. Discussion

In this study, high frequency monitoring data facilitated the investigation of NO3-N
retention in a small, heavily flushed reservoir over short and long temporal scales, and
allowed us to compare statistical and process-based ecosystem models regarding their

capability in predicting N retention in this complex lentic water system.

4.1 Annual scale N retention: the role of settling velocity

16



350 Our statistical-based estimation of NOs-N retention in Konigshiitte Reservoir on

351 annual scale was comparable to other studies. During 2013 to 2017, annual NOs-N retention
352  efficiency was up to 17% with a WRT ranging from 2.96 to 4.69 d, while the retention rate
353  ranged from -32 to 125 mgN-m2-d™. In comparison, an investigation on 16 Danish lakes
354  (WRT = 14.6-251.6 d) reported that NOs-N retention efficiency ranged from 11 to 72%, and
355 the corresponding rate ranged from 47-234 mgN-m-d* (Windolf et al. 1996). In addition, a
356  study in a small lake in Illinois, USA (WRT = 5-32 d) suggested a NO3-N retention

357 efficiency of 37% and a rate of 91.23 mgN-m2-d* (Kovacic et al. 2000). Our findings were
358 in line with the previous studies, indicating a potential of N retention in small reservoirs that
359  has been overlooked as an important sink of nutrient in inland ecosystems (Cheng and Basu
360  2017).

361 We supported our findings for the importance of vs by recalculating the N retention in
362 another system (Lake Shelbyville) reported by David et al. (2006). Field observations in Lake
363  Shelbyville suggested an averaged N retention efficiency of 58% (31-91%) over 23 years.
364  David et al. (2006) applied RivR-N model (Seitzinger et al. 2002) with the observed Qs

365  (ranged 5.27-27.93 m-yrt) for Lake Shelbyville, which resulted in a underestimated

366  efficiency (ranged 26-48% with a mean of 32%). Alternatively, we used the SPARROW
367  model with the reported vs based on denitrification rate (21.02-94.60 m-yr!) (David et al.
368 2006) and obtained an efficiency of 42.9-94.7%, which fitted much better to the field

369  observations. David et al. (2006) argued that the RivR-N model was developed based on a
370  dataset from lakes with low N concentrations; therefore, the model underestimated the N
371  retention with increasing WRT. They proposed a modified RivR-N model (Table 1), which
372  fitted better to the data for Lake Shelbyville. However, we found that the modified RivR-N

373  model could not accurately predict N retention in Konigshtte Reservoir, primarily because
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Qs in Konigshiitte Reservoir (258.8-436.1 m-yrt) was much higher than that in Lake
Shelbyville, which was out of the calibration domain of the model. Overall, our reanalysis
highlights the necessity of vs -inclusive modeling in predicting NOs-N retention in reservoirs
on the annual scale in addition to hydrological factor (e.g. Qs).

Our statistical modeling of annual N retention efficiency only worked out if vs was
used as a free parameter, i.e. changed annually, which highlights the importance of settling.
However, from a mechanistic point of view, settling in models for N retention can be
misleading because N is not really settling unless being absorbed by phytoplankton that is
subject to sedimentation. In addition, denitrification as an important N elimination process is
completely different from settling. To reconcile this contradiction, we argue that in the
simplified, annual scale N retention models (Table 1), the parameter vs effectively captures a
suite of N cycling processes. Specifically, vs basically scales the rate of N removal in lentic
systems and includes both settling of organic N (which finally burial within sediments) and
denitrification. In addition, other factors including the Fickian diffusion from the sediments
and/or ammonification may indirectly link to vs and in turn affect N retention. Overall, vs
represents all biogeochemical processes that are related to N retention, thereby providing a

critical predictor to N retention in addition to Qs.

We found the calibrated vs for Konigshiitte Reservoir were 25, 45, 1, 15, and 1 m-yr?
for 2013 to 2017, respectively (Fig. 4). The values were highly variable between years that
might be driven by multiple processes aforementioned. In addition, for a system at
mesotrophic state, we did not expect such high vs values, as a study on nitrogen retention
suggested that on a global scale, reservoirs and lakes have averaged vs of 13.66 and 6.83

m-yr ', respectively (Harrison et al. 2009). Highest vs in our study (45.0 m-yr? in 2014) was

even in the same magnitude of that in Lake 227 (73.3 m-yrt), which was a highly eutrophic
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experimental lake (Ruan et al. 2014, Schindler et al. 2008). Meanwhile, vs was found up to
94.6 m-yrtin Lake Shelbyville located in an agriculture region (David et al. 2006). One
explanation could be the growth and temporal dominance of diatom in the reservoir. Diatoms
could contribute to a high settling velocity of N due to their siliceous frustules and slow
mineralization (Wentzky et al. 2018b), which in turn led to elevated flux of NOs-N
sedimentation from the water column into sediment surface.

The addition of vs in modeling approaches increases the difficulty towards a general-
applicable predictive model, because accurate estimation of settling velocity becomes
mandatory for one specific system in one individual year. Ultimately, the application of an
annual scale settling velocity appears to be oversimplified because our study demonstrated
that N retention shows a strong seasonal pattern and this feature is fully ignored when
applying a certain elimination rate on an annual scale. This calls for a better strategy using

process-based modeling (see below).

4.2 Weekly scale modeling: new insights into NO3-N retention in reservoirs

The weekly scale statistical modeling allowed us to investigate NO3-N retention at
shorter, i.e. intra-annual time scales. First, our analysis highlighted the importance of
biological process, i.e. algal growth (represented by Chl-a concentration), on NOs-N retention
efficiency in the reservoir, which were usually overlooked by the existing statistical models.
We found higher NOs-N retention efficiency in summer than in other seasons (Fig. 5), which
followed the pattern of Chl-a concentration (Fig. S4). Intensified algae growth in summer
contributed to NOs-N retention via a three-step process: 1) N uptake by algae; 2) proliferation
of algal cells; and 3) sedimentation of dead algae with N that would be either denitrified or

buried in sediment. We performed an additional assessment on the factors determining the
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phytoplankton assemblage in the reservoir (Fig. S10). We found that phytoplankton
assemblage was predominantly driven by P (see Sl text for more details). Based on either
data analysis (Finlay et al. 2013, Tong et al. 2019) or whole-ecosystem experiments (Kaste
and Lyche-Solheim 2005), importance of P in dictating N cycling of freshwater ecosystems
had previously been well-recognized. Besides, we showed that due to low ammonia
concentrations, phytoplankton used the abundant nitrate as the alternative N source, which in
turn imposed a profound effect on the NOs-N retention in Konigshutte Reservoir. The critical
role of algae in NOz-N retention identified in this study therefore holds a consistency to the
contribution from P, because it had been proved that the sedimentation of N from water
column to anoxic sediment served as the underlying mechanisms for the impact of P on N
cycling (Small et al. 2014). Second, our model supported the previous finding that WRT was
a positive determinant of NOs-N retention efficiency in lakes and reservoirs (Finlay et al.
2013, Tong et al. 2019), because longer WRT simply allowed for longer time for more
intensive N removal processes within the water column and sediment. Overall, we found an
interesting combination of both hydrological (WRT) and biological factors (Chl-a) that
determined the weekly scale NOs-N retention. Although this is in line with the annual scale
statistical modeling suggesting the joint contributions from both Qs and vs, it is also pointing
out clearly that annually averaged retention efficiencies are misleading because the
underlying processes undergo strong seasonal change and therefore call for investigation on
sub-annual time scales.

Other potential influential factors were discarded by either collinearity analysis or
stepwise regression modeling. Due to its significant negative correlation (Fig. S5), NO3z-N
concentration (or NOz-N pool) in the reservoir was considered as the consequence rather than

the driver of NO3-N retention, and therefore was excluded from the statistical model. This
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was against previous findings (Windolf et al. 1996), where NO3-N concentration was
modeled as a positive explanatory variable for retention. We argue that in a small time scale
(such as weekly), the general assumption that higher NO3-N concentration would lead to
higher denitrification rate (Pina-Ochoa and Alvarez-Cobelas 2006) and in turn higher NO3-N
retention efficiency (David et al. 2006, Windolf et al. 1996) does not apply, whereas negative
relation between NOs-N concentration and retention were found. The lower NO3z-N
concentration in summer was attributed to the lower NOs-N loading and high retention
efficiency (Fig. S4). This was because on a weekly scale, NOs-N concentrations in reservoir
were positively related to Qs (Fig. S5), which was a constraint on NO3-N retention.
Furthermore, the relative low NOz-N concentration in Koénigshiitte Reservoir (0.050-2.099
mg-L1) might have limited the sediment denitrification (Wall et al. 2005). The total NOs-N
retention rate ranged from 42.74 to 175.09 mgN-m2-d™, over 80% of which could be
attributed to denitrification based on estimations in other systems (Garnier et al. 2010).
However, this was much lower than the value observed in other systems (e.g. 169.9-616.4
mgN-m2.d? in Lake Shelbyville) (David et al. 2006). As a result, the positive relation
between NO3-N concentration and retention might be confounded.

We found no effect of water temperature on NO3-N retention efficiency, which was
against our assumption inferred from the similar seasonal patterns between NO3-N retention
efficiency and water temperature (Fig. 5 and Fig. S4). Previous studies had not reached a
consensus on the effects of temperature on denitrification rates in aquatic system, as positive
(Seitzinger 1988), negative (Sgrensen et al. 1979) and no relations (Cavaliere and Baulch
2018, Harrison et al. 2009, Pina-Ochoa and Alvarez-Cobelas 2006) were reported. Despite
the insignificant contribution of temperature to our model, we argue that on a seasonal scale,

temperature should have a positive effect on NOs-N retention efficiency, which however
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could have been masked due to potential linkage between temperature and other factors (such
as WRT and Chl-a concentration) and therefore remained difficult to be isolated. The same
could apply to water depth. In fact, water depth can be related to water-sediment interactions
that affects profoundly the processes driving NOs-N removal (Windolf et al. 1996).

Overall, our statistical modeling on a weekly scale unraveled the critical role of Chl-a,
which was well supported by the interactions of N and P cycling in aquatic systems.
Therefore, our findings provided new insights in our understanding of N retention in
reservoirs, and highlighted the necessity to zoom into seasonal variations in the hydrological
and biological dynamics in order to identify the underlying mechanisms in N retention in

freshwater ecosystems that were masked in annual scale investigations.

4.3 Process-based ecosystem modeling

The comparative modeling approach demonstrates the advantages and disadvantages
of process-based relative to statistical modeling. We showed that predictions of N retention
with process-based modeling (PCLake) without parameter calibration were more accurate
than statistical models (Fig. 6). Our results exemplify the advantages of process-based
models, which rely on the explicitly mechanistic description on N cycling. This allows for the
direct prediction on NOs-N concentrations in the reservoir with high accuracy based on
external conditions and in turn for the precise calculation of retention efficiency. On the
contrary, statistical models are limited in many aspects, such as a lack of mechanistic
understanding, difficulty in addressing nonlinear relationships in ecosystems, and limited
transferability when applied to conditions beyond their calibration domain (Janssen et al.
2019). Our results demonstrate how these limitations could constrain the prediction power on

the annual scale NOz-N retention efficiency (Fig. 4), and that only ~40% of the variation in
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NOs-N retention efficiency on a weekly scale could be explained (Table 2). On the other
hand, statistical models are simple and powerful tools that have been widely used in
analyzing nutrient retention (Finlay et al. 2013), and they allow upscaling to the global level
(Harrison et al. 2009), for which mechanistic models are inadequate due to higher demand for
parameterization and computation. This is indeed the advantages of statistical models. Our
study demonstrates that the final statistical models are fairly simple with limited number of
variables. By contrast, process-based model (PCLake) is relatively complex comprising a
multitude of state variables and processes. Consequently, it would be essential to reconcile
the higher likelihood of overparameterization, which requires more effort in modeling
evaluation. However, PCLake model has been parameterized based on data from over 40
temperate shallow lakes (Janse et al. 2010), and our study demonstrates that this parameter
set is capable of representing the general patterns in other temperate lake/reservoir systems.
Additionally, recent studies have nicely illustrated the possibility to overcome the
disadvantages of process-based models such that mechanistic models at intermediate
complexity could be also used for regional- or global-scale investigation (Bruce et al. 2018,
Janssen et al. 2014). Overall, we advocate that both model types have their application
domains and the combination of both would be powerful in projecting NOs-N retention

efficiency in reservoirs and potentially other systems such as natural lakes.

4.4 Merits and limitations of high frequency monitoring

As far as we know, this is the first study to make an extensive use of high frequency
data for N retention evaluation in a small, heavily flushed reservoir. The small reservoir
system with relatively simple hydrological features allowed us to establish high-frequency

monitoring networks and N budget over five years, with which we performed in-depth
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analysis of N retention patterns across different temporal (annual and weekly) scales and
unraveled hidden mechanisms. We found apparent intra-annual patterns (weekly) and
highlighted the role of biological factors, which was not resolvable using dataset with less
temporal frequency. The extremely rich dataset was subsequently used to parameterize both
statistical models along with a well-developed process-based model to 1) shed light on their
predictive abilities for N retention and 2) offer insights and implications for lake and
reservoir management of excess N. In addition, compared to previous studies with datasets
from multiple lakes and temporally coarse sampling, studying N retention in one specific
system with high frequency data has the advantage that confounding factors due to
differences among lakes play no role (Kong et al. 2017b). Overall, we presented new research
questions and also a novel methodological framework, which could be applicable to other
similar systems and investigations.

We found uncertainty embedded in the nutrient budget and retention based on data
from monthly or biweekly monitoring. We resampled in our high frequency monitoring
dataset to mimic both biweekly and monthly monitoring schemes. In the biweekly scheme,
NOs-N concentration data in all inflows and outflows were selected from the high frequency
data starting from one of the 14 days between Jan. 15-14™, 2013, and then collected biweekly
onwards. We therefore obtained 14 scenarios of biweekly sampling schemes for each year
from 2013 to 2017. For monthly scheme, the starting time was one of the 30 days between
Jan. 18-30™, 2013, and then collected every 30 days onwards. We calculated NOs-N retention
efficiency and rate using these 14 (or 30) subsets of data, while we linearly interpolated the
NOz-N concentrations between sampling dates as the common practice. We compared these
results to the values based on high frequency data that was considered as the real retention

(Fig. 7). Both NOgz-N retention efficiency and rate can deviated enormously from the real
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542  data, implying that the calculated NOs-N retention from biweekly and monthly sampling data
543  can be largely under- or over-estimated.

544 Nonetheless, there was a tradeoff of benefits gained by monitoring a greater number
545  of water quality variables with reasonable temporal frequency and by focusing on a smaller
546  subset of variables with the fine granularity. High frequency data were limited by the

547  measurable water quality variables. In our study, only nitrate could be directly measured at
548  high frequency, while other nitrogen species (e.g. ammonia and organic N) and also other
549  chemicals (e.g. P and silica) were missing, which would be critical in understanding the

550 characteristics of the aquatic systems. In addition, high frequency monitoring is subject to
551  issues such as the reliability due to occasional functional failure in situ. Our study highlights
552  the importance of high frequency data in improving the N retention evaluation in reservoirs,

553  which would be more powerful when combined with regular monitoring programs.

554

555 5. Conclusions

556 Our study supports the critical role of small lentic aquatic systems in contributing to
557  the nutrient retention in inland waters. Annual-averaged NOs-N retention efficiency of a
558  small reservoir in central Germany could be up to 17% with a five-year averaged retention
559 efficiency of ~4% in such a system characterized by a water residence time (WRT) of ~4
560 days. While average annual N retention in this highly flushed system remains rather small,
561 effective N retention on shorter time scales (weekly) can substantially deviate from this
562  annual mean and in our study ranged from -67% to 99%. The reservoir often displayed

563  negative retention in winter (i.e. it was a source of N due to mineralization processes) and
564  high positive retention in summer (i.e. acting as a sink for N), which has implications for

565 management of downstream waters. Beyond the morphological and hydrological features, our
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study unravels the critical role of phytoplankton dynamics as a biological factor in
determining N retention in reservoirs, which makes a step towards a comprehensive
understanding on the mechanisms of nutrient retention in inland freshwater systems. We
attribute our findings to the availability of the high frequency monitoring data, which has
shown the large potential in identifying new mechanisms that cannot be easily realized by
biweekly/monthly sampling routine. In addition, our results exemplify the superior prediction
capacity of process-based ecosystem models over statistical models on N retention. We
therefore advocate taking advantage of the emerging high frequency data and advancements

in process-based ecosystem models in evaluation of nutrient retention in lakes and reservoirs.
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removal, a brief description on the high frequency data, and an assessment on the factors that

determine the phytoplankton assemblage. SI Figures S1-S10. SI Tables S1-S3.

References

Alexander, R.B., Elliott, A.H., Shankar, U. and McBride, G.B. (2002) Estimating the sources
and transport of nutrients in the Waikato River Basin, New Zealand. Water Resources

Research 38(12), 4-1-4-23.

Boltersdorf, S.H., Pesch, R. and Werner, W. (2014) Comparative use of lichens, mosses and

tree bark to evaluate nitrogen deposition in Germany. Environmental Pollution 189, 43-53.

Bruce, L.C., Frassl, M.A., Arhonditsis, G.B., Gal, G., Hamilton, D.P., Hanson, P.C.,
Hetherington, A.L., Melack, J.M., Read, J.S., Rinke, K.J.E.M. and Software (2018) A multi-
lake comparative analysis of the General Lake Model (GLM): Stress-testing across a global

observatory network. Environmental Modelling & Software 102, 274-291.

Canfield, D.E., Glazer, A.N. and Falkowski, P.G. (2010) The evolution and future of Earth’s

nitrogen cycle. Science 330(6001), 192-196.

Carlson, R.E. (1977) A trophic state index for lakes1. Limnology and Oceanography 22(2),

361-369.

27



609

610

611

612

613

614

615

616

617

618

619

620

621

622

623

624

625

626

627

628

Cavaliere, E. and Baulch, H. (2018) Denitrification under lake ice. Biogeochemistry 137(3),

285-295.

Cheng, F.Y. and Basu, N.B. (2017) Biogeochemical hotspots: Role of small water bodies in

landscape nutrient processing. Water Resources Research 53(6), 5038-5056.

David, M.B., Wall, L.G., Royer, T.V. and Tank, J.L. (2006) Denitrification and the nitrogen

budget of a reservoir in an agricultural landscape. Ecological Applications 16(6), 2177-2190.

Dietze, M.C., Fox, A., Beck-Johnson, L.M., Betancourt, J.L., Hooten, M.B., Jarnevich, C.S.,
Keitt, T.H., Kenney, M.A., Laney, C.M. and Larsen, L.G. (2018) Iterative near-term
ecological forecasting: Needs, opportunities, and challenges. Proceedings of the National

Academy of Sciences, 201710231.

Finlay, J.C., Small, G.E. and Sterner, R.W. (2013) Human influences on nitrogen removal in

lakes. Science 342(6155), 247-250.

Friese, K., Schultze, M., Boehrer, B., Buttner, O., Herzsprung, P., Koschorreck, M., Kuehn,
B., Ronicke, H., Tittel, J., Wendt-Potthoff, K., Wollschlager, U., Dietze, M. and Rinke, K.
(2014) Ecological response of two hydro-morphological similar pre-dams to contrasting land-
use in the Rappbode reservoir system (Germany). International Review of Hydrobiology

99(5), 335-349.

Galloway, J.N., Dentener, F.J., Capone, D.G., Boyer, E.W., Howarth, R.W., Seitzinger, S.P.,
Asner, G.P., Cleveland, C.C., Green, P. and Holland, E.A. (2004) Nitrogen cycles: past,

present, and future. Biogeochemistry 70(2), 153-226.

28



629

630

631

632

633

634

635

636

637

638

639

640

641

642

643

644

645

646

647

Galloway, J.N., Townsend, A.R., Erisman, J.W., Bekunda, M., Cai, Z., Freney, J.R.,
Martinelli, L.A., Seitzinger, S.P. and Sutton, M.A. (2008) Transformation of the nitrogen

cycle: recent trends, questions, and potential solutions. Science 320(5878), 889-892.

Garnier, J.A., Mounier, E.M., Laverman, A.M. and Billen, G.F. (2010) Potential
denitrification and nitrous oxide production in the sediments of the Seine River drainage

network (France). Journal of Environmental Quality 39(2), 449-459.

Grubbs, F.E. (1950) Sample criteria for testing outlying observations. The Annals of

Mathematical Statistics 21(1), 27-58.

Harrison, J.A., Maranger, R.J., Alexander, R.B., Giblin, A.E., Jacinthe, P.-A., Mayorga, E.,
Seitzinger, S.P., Sobota, D.J. and Wollheim, W.M. (2009) The regional and global

significance of nitrogen removal in lakes and reservoirs. Biogeochemistry 93(1-2), 143-157.

Imdadullah, M., Aslam, M. and Altaf, S. (2016) mctest: an R package for detection of

collinearity among regressors. The R Journal, online published paper, 234.

Janse, J.H. (2005) Model studies on the eutrophication of shallow lakes and ditches [Doctoral

dissertation]. Wageningen University, Wageningen, The Netherlands.

Janse, J.H., Scheffer, M., Lijklema, L., Van Liere, L., Sloot, J.S. and Mooij, W.M. (2010)
Estimating the critical phosphorus loading of shallow lakes with the ecosystem model

PCLake: Sensitivity, calibration and uncertainty. Ecological Modelling 221(4), 654-665.

Janssen, A.B., Janse, J.H., Beusen, A.H., Chang, M., Harrison, J.A., Huttunen, I., Kong, X.,

29



648

649

650

651

652

653

654

655

656

657

658

659

660

661

662

663

664

665

666

667

Rost, J., Teurlincx, S., Troost, T.A., van Wijk, D. and Mooij, W.M. (2019) How to model

algal blooms in any lake on earth. Current Opinion in Environmental Sustainability 36, 1-10.

Janssen, A.B., Teurlincx, S., An, S., Janse, J.H., Paerl, H.W. and Mooij, W.M. (2014)
Alternative stable states in large shallow lakes? Journal of Great Lakes Research 40(4), 813-

826.

Kaste, @. and Lyche-Solheim, A. (2005) Influence of moderate phosphate addition on
nitrogen retention in an acidic boreal lake. Canadian Journal of Fisheries and Aquatic

Sciences 62(2), 312-321.

Kong, X., He, Q., Yang, B., He, W., Xu, F., Janssen, A.B.G., Kuiper, J.J., van Gerven, L.P.,
Qin, N., Jiang, Y., Liu, W,, Yang, C., Bai, Z., Zhang, M., Kong, F., Janse, J.H. and Mooij,
W.M. (2017a) Hydrological regulation drives regime shifts: evidence from paleolimnology
and ecosystem modelling of a large shallow Chinese lake. Global Change Biology 23(2),

737-754.

Kong, X., He, W., Qin, N., Liu, W., Yang, B., Yang, C., Xu, F., Mooij, W.M. and Koelmans,
A.A. (2017b) Integrated ecological and chemical food web accumulation modeling explains

PAH temporal trends during regime shifts in a shallow lake. Water Research 119, 73-82.

Kovacic, D.A., David, M.B., Gentry, L.E., Starks, K.M. and Cooke, R.A. (2000)
Effectiveness of constructed wetlands in reducing nitrogen and phosphorus export from

agricultural tile drainage. Journal of Environmental Quality 29(4), 1262-1274.

Kuiper, J.J., van Altena, C., de Ruiter, P.C., van Gerven, L.P.A., Janse, J.H. and Mooij, W.M.

30



668

669

670

671

672

673

674

675

676

677

678

679

680

681

682

683

684

685

686

(2015) Food-web stability signals critical transitions in temperate shallow lakes. Nature

Communications, doi 10.1038/ncomms8727.

Lehner, B., Liermann, C.R., Revenga, C., Vorosmarty, C., Fekete, B., Crouzet, P., Déll, P.,
Endejan, M., Frenken, K. and Magome, J. (2011) High-resolution mapping of the world's
reservoirs and dams for sustainable river-flow management. Frontiers in Ecology and the

Environment 9(9), 494-502.

Loken, L.C., Crawford, J.T., Dornblaser, M.M., Striegl, R.G., Houser, J.N., Turner, P.A. and
Stanley, E.H. (2018) Limited nitrate retention capacity in the Upper Mississippi River.

Environmental Research Letters 13(7), 074030.

Pina-Ochoa, E. and Alvarez-Cobelas, M. (2006) Denitrification in aquatic environments: a

cross-system analysis. Biogeochemistry 81(1), 111-130.

Pinheiro, J., Bates, D., DebRoy, S., Sarkar, D. and Team, R.C. (2012) nlme: Linear and

nonlinear mixed effects models. R package version 3(0).

Porter, J.H., Hanson, P.C. and Lin, C.-C. (2012) Staying afloat in the sensor data deluge.

Trends in Ecology & Evolution 27(2), 121-129.

R Core Team (2018) R: A Language and Environment for Statistical Computing, R
Foundation for Statistical Computing, Austria, 2015, ISBN 3-900051-07-0: URL

http://www.R-project.org.

Rinke, K., Kuehn, B., Bocaniov, S., Wendt-Potthoff, K., Buttner, O., Tittel, J., Schultze, M.,

31


http://www/

687

688

689

690

691

692

693

694

695

696

697

698

699

700

701

702

703

704

705

706

Herzsprung, P., Ronicke, H., Rink, K., Rinke, K., Dietze, M., Matthes, M., Paul, L. and
Friese, K. (2013) Reservoirs as sentinels of catchments: the Rappbode Reservoir Observatory

(Harz Mountains, Germany). Environmental Earth Sciences 69(2), 523-536.

Rockstrém, J., Steffen, W., Noone, K., Persson, A., Chapin, F.S., Lambin, E.F., Lenton,
T.M., Scheffer, M., Folke, C. and Schellnhuber, H.J. (2009) A safe operating space for

humanity. Nature 461(7263), 472-475.

Ruan, X., Schellenger, F. and Hellweger, F.L. (2014) Accounting for nitrogen fixation in
simple models of lake nitrogen loading/export. Environmental Science & Technology 48(10),

5667-5673.

Saunders, D. and Kalff, J. (2001) Nitrogen retention in wetlands, lakes and rivers.

Hydrobiologia 443(1-3), 205-212.

Schindler, D.W., Hecky, R., Findlay, D., Stainton, M., Parker, B., Paterson, M., Beaty, K.,
Lyng, M. and Kasian, S. (2008) Eutrophication of lakes cannot be controlled by reducing
nitrogen input: results of a 37-year whole-ecosystem experiment. Proceedings of the National

Academy of Sciences 105(32), 11254-11258.

Seitzinger, S., Harrison, J.A., Bohlke, J., Bouwman, A., Lowrance, R., Peterson, B., Tobias,
C. and Drecht, G.V. (2006) Denitrification across landscapes and waterscapes: a synthesis.

Ecological Applications 16(6), 2064-2090.

Seitzinger, S.P. (1988) Denitrification in freshwater and coastal marine ecosystems:

ecological and geochemical significance. Limnology and Oceanography 33(4part2), 702-724.

32



707

708

709

710

711

712

713

714

715

716

717

718

719

720

721

722

723

724

725

726

Seitzinger, S.P., Styles, R.V., Boyer, E.W., Alexander, R.B., Billen, G., Howarth, R.W.,
Mayer, B. and VVan Breemen, N. (2002) The Nitrogen Cycle at Regional to Global Scales, pp.

199-237, Springer.

Shultz, M., Pellerin, B., Aiken, G., Martin, J. and Raymond, P. (2018) High frequency data
exposes nonlinear seasonal controls on dissolved organic matter in a large watershed.

Environmental Science & Technology 52(10), 5644-5652.

Small, G.E., Cotner, J.B., Finlay, J.C., Stark, R.A. and Sterner, R.W. (2014) Nitrogen
transformations at the sediment—water interface across redox gradients in the Laurentian

Great Lakes. Hydrobiologia 731(1), 95-108.

Sgrensen, J., Jgrgensen, B.B. and Revsbech, N.P. (1979) A comparison of oxygen, nitrate,

and sulfate respiration in coastal marine sediments. Microbial Ecology 5(2), 105-115.

Tong, Y., Li, J.,, Qi, M., Zhang, X., Wang, M., Liu, X., Zhang, W., Wang, X., Lu, Y. and Lin,
Y. (2019) Impacts of water residence time on nitrogen budget of lakes and reservoirs. Science

of the Total Environment 646, 75-83.

Vitousek, P.M., Aber, J.D., Howarth, R.W., Likens, G.E., Matson, P.A., Schindler, D.W.,
Schlesinger, W.H. and Tilman, D.G. (1997) Human alteration of the global nitrogen cycle:

sources and consequences. Ecological Applications 7(3), 737-750.

Wall, L.G., Tank, J.L., Royer, T.V. and Bernot, M.J. (2005) Spatial and temporal variability
in sediment denitrification within an agriculturally influenced reservoir. Biogeochemistry

76(1), 85-111.

33



727

728

729

730

731

732

733

734

735

736

737

738

739

740

741

742

Wentzky, V.C., Frassl, M.A., Rinke, K. and Boehrer, B. (2018a) Metalimnetic oxygen
minimum and the presence of Planktothrix rubescens in a low-nutrient drinking water

reservoir. Water Research 148, 208-218.

Wentzky, V.C., Tittel, J., Jager, C.G. and Rinke, K. (2018b) Mechanisms preventing a
decrease in phytoplankton biomass after phosphorus reductions in a German drinking water
reservoir—results from more than 50 years of observation. Freshwater Biology 63(9), 1063-

1076.

Wickham, H. (2016) ggplot2: elegant graphics for data analysis, Springer.

Windolf, J., Jeppesen, E., Jensen, J.P. and Kristensen, P. (1996) Modelling of seasonal
variation in nitrogen retention and in-lake concentration: a four-year mass balance study in 16

shallow Danish lakes. Biogeochemistry 33(1), 25-44.

Yu, C., Huang, X., Chen, H., Godfray, H.C.J., Wright, J.S., Hall, J., Gong, P., Ni, S., Qiao, S.
and Huang, G. (2019) Managing nitrogen to restore water quality in China. Nature 567, 516—

520.

Zeileis, A. and Hothorn, T. (2002) Diagnostic checking in regression relationships.

https://cran.r-project.org/web/packages/Imtest/vignettes/Imtest-intro.pdf.

34



743
744

Database

-

Statistical modeling

N retention in reservoirs

/ \
I N :
I
: Ninput _ _n_z _ N output |
i — Denitrification ¢ = 1
— = 1
) .
I 1
I 1
' |
: Hydrology [
\\ ,'

35



Reservoir

Hirtensti
///?‘\ \7 @SJW\” v

aE o B g Germany
arme Bode ">  Rappbode PSS [
. ) (“\\ Reservoir | .
: :‘:"\‘\ Water Qallel'y \\ Elevation (m a.s.1.)

e

i 1143

Konigshiitte

Reservoir
0 1 2Kilometers
L1

YBK (Inflow)

Land use type

I settlements
I Mine Leavings

L
YBWXinflow) ' ~ R oy 1 O
EE s ; [ cultivation

‘- [ | Farmland
[ I Meadow

i

N
YRB (In reservoir) I A
[ Deciduous Forest
" I coniferous Forest
I Mixed Forest
I industrial Area
[ ] surface water

River & Stream
A Sample site

746

747  Fig. 1. Location of Konigshitte Reservoir in central Germany. (A) Elevation of the

748  catchment (denoted by the white polygon) and the surrounding area. Locations of the major
749 tributaries (Kalte Bode, Warme Bode), and the two outflows (Hirtenstieg and water gallery)
750  as well as the main Rappbode Reservoir are shown. (B) Land use type distribution of the
751  catchment. Locations of the three sample sites (YBK: Kalte Bode; YBW: Warme Bode;

752  YKB: in reservoir) are highlighted.
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Fig. 2. Time series of high frequency monitoring data in Kdnigshitte Reservoir during

2013 to 2017. (A) Hydrological variables including total water inflow and outflow (m3-s™),

net water flux (m*-s%) and water level (m a.s.l). (B) NOz-N concentration (mg-L™?) in three

sampling sites. (C) Water temperature (°C) in three sampling sites and Chl-a concentration

(ug-LY) in the reservoir.
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Fig. 4. Annual NOs-N retention efficiency and statistical modeling results. (A) Observed
annual NOs-N retention efficiency during 2013-2017 in Konigshiitte Reservoir, together with
predictions from five statistical models listed in Table 1. (B) Other limnology variables
(annual average) during 2013-2017 in Konigshutte Reservoir. N_load: NOs-N loading
(gN-m2.dY); WRT: water residence time (d); Qs: the areal hydraulic loading (m-d™);
vs_calibrated: calibrated apparent settling velocity (m-yr™); Chla: Chlorophyll a

concentration (ug-L™t); Temperature: water temperature (°C).
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Fig. 5. Weekly NOs-N retention efficiency and relationship with other factors in the

reservoir. (A) Weekly NOs-N retention efficiency during 2013-2017. (B) Weekly NO3z-N

retention efficiency against NOs-N loading (gN-m2.dY) and the areal hydraulic loading (Qs;

m-d?). (C) NOsz-N concentration (mg-L™) and water residence time (WRT; d). (D) Weekly

NOz-N retention efficiency against water temperature (°C) and Chlorophyll-a concentration

(Chl-a; ug-LY). The red line in each panel is the smoother line using ‘geom_smooth’ with

either ‘Im’ or ‘loess’ method selected by the program automatically in the R package

‘ggplot2’ (Wickham 2016). The grey area is the confidence interval.
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Fig. 6. Observed against modelled data for Konigshitte Reservoir from 2013 to 2017. (A
and B) Probe and PCLake simulated NO3z-N and Chl-a concentrations on a daily scale (NOs-
N: R?=0.859, RMSE = 0.193; Chl-a: R?=0.702, RMSE = 3.225). (C) NOs-N retention
efficiency. Modelled values include both predictions from statistical model (Table 2) and
process-based ecosystem model (PCLake). Red and blue solid lines are best fits from linear
regression for statistical model predictions (y=0.39x+8.08, R?=0.405, n=232, p<0.001) and
PCLake predictions (y=0.88x+0.77, R?=0.580, n=232, p<0.001) to observations, respectively.
The grey area is the confidence intervals (95%). Solid black line is the 1:1 line representing a
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791

792  Figure 7. Comparison of NOs-N retention calculated by both high frequency monitoring
793  and the biweekly/monthly monitoring data. The biweekly/monthly scheme is mimicked
794  from the resampling in the high frequency data during 2013 to 2017. (A) NOs-N retention
795  rate and (B) NO3-N retention efficiency. Variability of the biweekly/monthly random

796  sampling data is represented by medians (P50), and the 5™ (P5), 25" (P25), 75" (P75), and

797 95" (P95) percentiles.
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Table 1. Overview of the statistical models for N retention efficiency (Nret%) in lakes or

reservoirs on an annual scale. Qs (m-yr?) is the areal hydraulic loading. vs (m-yr?) is the

apparent settling velocity. Z (m) is the water depth.

Model name Equation References
1

SPARROW Nioptop = —————— Alexander et al. 2002

ret,% 1 +US(QS)_1 ( )
NiRRela Nyeto, =1 —exp 0 (Harrison et al. 2009)

N

RivR-N Nyero, = 88.45 - Q503677 (Seitzinger et al. 2002)
David et al. Nyt o, = 243.00 - Q0632 (David et al. 2006)
Windolf et al. Nyero, = 96 - Q5048 - 2034 (Windolf et al. 1996)
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Table 2. Statistical modeling results for weekly NOs-N retention efficiency using stepwise

multivariable linear regression with generalized least squares (GLS). r?is the coefficient of

determination. Adj.r?is the r? adjusted for the number of explanatory variables. RMSE is the

root mean squared error. AIC. is the Akaike’s information criterion corrected for small

sample sizes. BIC is the Bayesian information criterion.

Retention efficiency r? Adj.r* RMSE  AIC, BIC F P
(n=232) statistic  value
Explanatory variables
WRT, Chl-a (best model) 0.4098 0.4046 22.01 2031.83 2048.99 79.91 <0.001
WRT 0.3265 0.3236 23.65 204266 2056.41 1115 <0.001
Explanatory variables  Coefficients Std. Error t ratio P value
(Intercept) -18.013 4.4227 -4.07 <0.001
WRT 3.096 0.4058 7.63 <0.001
Chl-a 1.801 0.4842 3.72 <0.001
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