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ARTICLE INFO ABSTRACT

Keywords: Assessing nutrient loading and processing is crucial for water quality management in lakes and reservoirs.
Nutrient load calculation Quantifying and reducing external nutrient inputs in these systems remains a significant challenge. The difficulty
Phosphorus arises from low monitoring frequencies of the highly dynamic external inputs and the limited availability of
Nitrogen . . . . . .
il measures to reduce diffuse source loading. One option for the latter is the use of pre-dams, i.e. small im-
111ca . . . . . . . . .
Retention efficiency poundments at the inflow points into reservoirs, designed to retain nutrients by algal uptake and sedimentation.
Lakes This study analyzes long-term (ranging from 8 to 22 years) nutrient and discharge time series for nine German

pre-dams to assess their retention capacity. For that, we (i) quantified nutrient loading using four different
mathematical methods, (ii) derived their retention efficiencies, and (iii) identified environmental factors
determining the retention of nitrogen (N), phosphorus (P), and silica (Si). We show that retention of soluble
reactive phosphorus (SRP) (43.6 %) and total phosphorus (TP) (39.9 %) is far higher than for nitrate (NO3) (15.3
%) and Si (15.9 %). The retention efficiency for SRP and TP was higher during the warm seasons because of
higher algal nutrient uptake and thus higher nutrient sedimentation. Mixed effects models documented a sig-
nificant positive effect of the pre-dams’ hydraulic residence time (HRT) on retention efficiency. Pre-dams provide
substantial service in retaining nutrients and help to protect downstream waterbodies from nutrient inputs. They
provide effective measures for trapping nutrients including those originating from non-point sources.

1. Introduction

Excessive nutrient enrichment in water can cause toxic algal blooms
and thus be dangerous for humans and ecosystems and impair the
quality of water intended for drinking (EEA, 2018). Therefore, water
quality management of lakes and reservoirs requires a sound assessment
of nutrient loading and processing. In recent years, progress has been
reached in reducing nutrient concentrations in lakes (e.g. Frenken et al.,
2023; Jeppesen et al., 2005), particularly with respect to lowering
external point sources or internal loading (e.g. Huser et al., 2016a,b). To
control point sources, proper wastewater management is a key instru-
ment (Tong et al.,, 2020). However, the control and assessment of
external loading from non-point sources, e.g. agriculture, remains a
major challenge (Carvalho et al, 2019; EEA, 2018). Firstly,
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concentration and discharge are extremely dynamic and measurements
are usually not available in the needed spatial and temporal resolution.
Secondly, the reduction of the external loading is notoriously difficult as
agricultural practices still rely on strong fertilizer use. Their long-term
practice leads to lasting effects making agriculture the major driver of
non-point nutrient loading at continental scales (EEA, 2018). Addi-
tionally, different approaches deliver different results (Luo et al., 2023;
Xue et al., 2022).

The operation of pre-dams, i.e. small impoundments at the inflow
points into reservoirs, designed to retain nutrients by algal uptake and
sedimentation, is one of the few instruments to reduce external nutrient
load. They retain nutrients that have already entered the river network
irrespective of their source. Pre-dams typically have HRT of a few days
or weeks, and have a surface overflow in order to maximize trapping of
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Table 1
Pre-dams’ main morphological and time series characteristics.
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Reservoir Pre-dam Abreviation  Volume Surface Max Catchment Mean Time series Nutrient Si Reservoir authority
(10° area (mean) area (km?) HRT Sampling data
m®) (km?) depth @
(m)
Droeda Ramoldsreuth DPD1 0.136 0.0511 6.2 27.8 9 1998-2020 Monthly Yes Landestalsperrenverwaltung
(2.6) (22 years) Sachsen (LTV)
Bobenneukirchen = DPD2 0.194 0.0563 6.3 15.1 28 Monthly Yes
B4
Rappbode  Rappbode RPD1 1.25 0.218 17 48.1 29 2012-19 (7 Biweekly  Yes Talsperrenbetrieb Sachsen-
(5.3) years) Anhalt
Hassel RPD2 1.45 0.288 14 (5) 44.5 53 Biweekly  Yes
Poehl Neuensalz PPD1 0.21 0.056 9.5 21.8 21 2008-21 Monthly No LTV
3.7) (13 years)
Thossfell PPD2 1.23 0.33 11 109.1 19 Monthly No
3.7
Grosse Grosse Dhuenn GDPD1 7.5 0.67 28.4 59 84 2004-17 Biweekly  No Wupperverband
Dhuenn 11.2) (13 years)
Kleine Dhuenn GDPD2 0.4 0.106 12.9 14 14 Biweekly No
(3.8)
Bautzen Oehna BPD1 0.518 0.163 6 (3.1) 293 2 2007-18 Biweekly Yes LTV
(11 years)
sedimenting material (Fig. S2). They also facilitate nutrient retention by 2. Methods

algal uptake and sedimentation (Paul, 2003) and have a history of
implementation in drinking water reservoirs (Benndorf and Piitz, 1987).
Pre-dams retain nutrients in a similar way to chains or cascades of lakes
or reservoirs (Soares and Calijuri, 2022). The determination of the
nutrient loads entering and leaving the pre-dam is the basis for the
retention efficiency assessment. However, the different procedures for
calculating the load can deliver heterogeneous results. Quantifications
are furthermore often impaired due to the low, e.g. monthly, temporal
resolution of nutrient monitoring. Besides that, there is a lack of
comparative long-term analyses so the influence of environmental
drivers and reservoir-specific properties cannot be assessed.

Our study tackles these issues and follows a three-step workflow with
the specific research tasks: (i) quantify nutrient fluxes/loading by using
and comparing different mathematical approaches for the three key
algal macronutrients N, P, and, Si, (ii) calculate retention efficiencies for
nine German pre-dams based on long-term data, and (iii) statistically
analyze the major factors determining the retention efficiencies for N, P
and Si and potential seasonal differences in retention.

According to Benndorf and Piitz (1987), we expect phytoplankton
nutrient uptake and subsequent sedimentation to be the primary factor
influencing retention in pre-dams, which may be lower during winter
due to low light intensity and temperature (Piitz and Benndorf, 1998).
We also hypothesize that SRP, TP, NOs, and Si elimination in pre-dams
correlate with the hydraulic retention time (HRT) (Paul, 2003).

Our methodology involves four methods (two linear and two non-
linear) for load estimation, which differ in complexity, aiming to
determine whether there are systematic differences among them. These
specific methods were chosen because they are commonly used by
stakeholders and in literature to calculate nutrient loads. The linear
methods are based on algebraic formulations whereas the non-linear
methods are data-driven and include a statistical component. We also
quantify differences in retention efficiency among the studied nutrients
and pre-dams to identify driving environmental factors and site-specific
characteristics that affect retention efficiency.

The novelty of this study includes (i) a fully quantitative assessment
of nutrient retention including the comparison of four load calculation
methods in several reservoir systems and over long time series; (ii) a
separate analysis for the three major nutrients N, P, and Si; (iii) evalu-
ation of the variability of retention efficiency at interannual and sea-
sonal time scales, and; (iv) a statistical analysis of the drivers in nutrient
retention using Linear Mixed Models (LME).

2.1. Study sites

The study was conducted in nine pre-dams from five German reser-
voir systems (Fig. S1). These pre-dams cover a wide range (i.e. more
than one order of magnitude) of morphometric and hydrological char-
acteristics (Table 1) and hence represent a typical sample of these
engineered infrastructures (Fig. S2). Detailed information about the
reservoirs can be found in the Supplementary Material.

2.2. Monitoring data

The data includes biweekly or monthly measurements of nutrient
concentration [mg 1'1] (Table 1) and daily discharge [m3 d'l] for nine
pre-dams. The nutrients analyzed were SRP, TP, NOs, and Si. The data
was provided by the responsible German reservoir authorities (Land-
estalsperrenverwaltung Sachsen, Talsperrenbetrieb Sachsen-Anhalt, and
Wupperverband). This included two data sets per pre-dam at different
temporal resolutions: (i) daily discharges of inflows (or outflows alter-
natively) and (ii) nutrient concentrations at the specific sampling dates
(at monthly or biweekly scale). All data were quality-checked, merged
into one consistent data structure, and processed for load estimation and
retention efficiency calculations. Information on the standard methods
used for chemical analyses is provided in the supplementary material.

2.2.1. Assumptions
The data analysis was based on the following assumptions:

L. Inflow discharge was considered equal to outflow discharge for all
the pre-dams, considering that the pre-dams operate in continuous
overflow, short HRT, and negligible evaporation losses.

Retention efficiency is calculated by load estimates of inflows and
outflows of the pre-dam (see below).

II.

2.2.2. Calculated derived and explanatory variables
The HRT (z, days) was calculated as the ratio of the pre-dam volume
w, m?) to the discharge (Q, m3.s1) according to Equation 1.

T= LQ/ x 3600 x 24 (days)

(€))

The areal load (L,, tonne km™ year!) was calculated by the ratio of
the annual inflow load (Li,, tonne year'l) to surface area (A, km?, see
Equation 2).
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L.
Lo = f (tonne x km™ x year™") @)

2.3. Load estimation

The nutrient load can be calculated by multiplying discharge and
concentration. However, load estimation from hydrological observa-
tions is challenged by the fact that discharges are usually measured
continuously (hourly or at least daily) while concentration measure-
ments take place at a far coarser temporal resolution (usually monthly or
biweekly). We quantified the yearly nutrient load by using four math-
ematical approaches: (i) unweighted (UA) and (ii) weighted averaging
of concentration and discharge (WA), (iii) statistical concentration dy-
namics predictions based on GAMs (Generalized Additive Models), and
(iv) the R package EGRET (Exploration and Graphics for River Trends)
developed by the USGS (Hirsch and De Cicco, 2015). The first two
methods are based on algebraic formulations and the latter two are
data-driven statistical approaches.

a) UA: Unweighted averaging method (“Standard method” in Hilden
(2003))

This linear method determines the load L (tonne~year'1) based on the
number of available samples (N) by multiplying the measured nutrient
concentrations (c, mg 1") by the corresponding daily average discharges
(Q, m®s™}) at each day of sample i resulting in an estimate of loading rate
given as mass per time. These loading rates are simply averaged and
then converted to a unit of tonne per year. The annual load is estimated
by Eq. (3) and represents a simple (unweighted) averaging of loading
rates over all available samples in a given year.

365 x 86400 1 &
= 1000 x 1000 N 2 (t) x Q(t) (tonne x year ") 3

i=1

LUA

b) WA: Weighted averaging method (“Discharge-corrected standard
method” in Hilden (2003))

This method is a refinement of WA by accounting for potential
sampling bias, which is likely to occur when water quality sampling is at
a much lower frequency (usually biweekly or monthly) than discharge
gauging (usually daily or hourly). In such a sampling design, the
representativeness of rare events (samples during high or low discharge)
may bias the annual load and may result in over- or underestimations.
Therefore, in WA the annual load from Method UA (Ly,) is weighted by
the ratio of annual mean discharge Qp, (average of the daily discharges
Q; of the given year) to the mean sampled discharge Q; (i.e. mean of
discharges Qs j during sampling days j when both nutrient concentration
and discharge were sampled, Eq. 4).

1 <365
Lwa = LUA#
N2uj=1Ks)

(tonne x year™") 4@

These two linear methods UA and WA were chosen because they are
commonly used by stakeholders and in literature to estimate nutrient
load in pre-dams (Paul, 1995). Also because they are defined as standard
methods in practical recommendation sheets (Hilden, 2003).

¢) Generalized Additive Models (GAM)

This method is based on a statistical time series model with non-
linear smoothing terms for the long-term trend, seasonal dynamics,
and a runoff-dependent component using generalized additive models
(GAM), see Wood (2011). GAM method fits the data with local splines,
smoothing over the data in order to catch the inherent data variability
patterns. GAMs do not have a single fixed formula but a flexible
modeling framework that can incorporate a variety of functions.
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In order to define the GAM model we used the “gam()” function from
the “mgcv” R package (Wood, 2011) with concentration as the response
variable and smoothing splines of year, day of the year, and discharge as
predictors. The resulting GAM model was then used to predict daily
concentration values based on the provided daily discharge data. The
daily nutrient load is then calculated by multiplying the predicted
concentration by the daily discharge. Daily nutrient loads were summed
over the whole year in order to achieve yearly estimates. Note, that we
used a circular spline term for the seasonal predictor (day of the year).

d) EGRET: Exploration and Graphics for River Trends

The EGRET method (USGS, R package EGRET) is also a statistical-
based approach that describes dynamics in water quality and hydrolo-
gy data and is a recommended procedure by the US Geological Survey
(USGS). EGRET is similar to GAM as it is based on a flexible, data-driven
statistical approach. It uses a Weighted Regression on Time, Discharge,
and Season (WRTDS) to describe long-term dynamics for the various
water-quality components as nutrient concentrations or any other sol-
utes (Hirsch and De Cicco, 2015). The daily and subsequent annual loads
were calculated using the regular function “modelEstimation()” of the
“EGRET” R package as defined in the documentation (Hirsch and De
Cicco, 2015). This involves a similar procedure as in GAM since the
EGRET model first computes daily concentration values based on daily
discharge, which are then converted to loads by multiplication of con-
centration and discharge at a daily scale. This method was also used in
this study to calculate monthly retention efficiency based on these daily
mode outputs.

2.4. Retention efficiency calculation

Based on the estimates of the yearly inflow load (Li,) and outflow
load (Loyt), we calculated nutrient retention efficiencies (R) according to
Eq. (5):

L, — L
R[%] — mn L out *

in

100 6)

Both load and yearly retention efficiency calculations were carried
out for SRP, TP, NOs, and Si for nine pre-dams.

2.5. Statistical analysis

We statistically analyzed the calculated retention efficiencies
(response variable) across all pre-dams and years using different
explanatory variables. Since yearly-based retention efficiencies were
pseudo-replicated within each pre-dam, we selected Linear Mixed Effect
Models (LME) for data analysis (Bates et al., 2015). In order to account
for the pseudo replication within pre-dams over the multiple years for
each pre-dam and the four methods, we defined pre-dams, years, and
methods as random effects with the latter two nested within pre-dams.
The type of nutrient (N, P, Si) as well as various other environmental
variables (retention time) were evaluated as fixed effects. We applied
model selection over competing models and removed model compo-
nents with non-significant p-values.

We approximated the coefficient of variation R? by using the method
of Stoffel et al. (2021) specifically designed for LMEs. Finally, we
approximated the relative importance of each environmental variable
by recalculating the LME based on z-scores calculated from normalized
data (i.e. transforming the mean of zero and a standard deviation of 1)
using the R function scale(). In this procedure, the different scales in the
various variables (e.g. residence time, radiation, depth) were unified to
produce dimensionless numbers. In an LME with z-score variables, the
model estimates (i.e. the slopes) are a measure of their relative effect size
and can be interpreted as relative importance.
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Fig. 1. Retention efficiency (%, y-axis) for each load calculation method (x-axis) EGRET, GAM, UA, WA) for each nutrient (horizontal panels, SRP, TP, NOg, Si).
Violin plots show probability density distribution, boxplots median, and Q25-Q75 range, means are shown in red dots, and outliers in purple dots. The 95 %
confidence interval error bars of the means are shown in red. The 95 % confidence intervals of the medians are displayed as a notch around the boxplot median.

2.6. Code transparency and open access availability by package creation

An all-inclusive R function was developed using the R programming
language to compile the estimation of load and retention efficiency
using the methods described above. This new R function “ret_eff()” was
added to the Seefo R package. It is publicly available in the GitHub
environment under https://github.com/shatwell/seefo.

All analyses, model calculations, and plots were made with R version
4.1.3 (R Core Team, 2021). The following R packages were used: “mgcv”
for GAMs (Wood, 2011), “lme4” (Bates et al., 2015) for LME, “partR2”
for partition variance analysis (Stoffel et al., 2021), “EGRET” (Hirsch
and De Cicco, 2015) for calculating nutrient load, “DHARMa” (Hartig,
2022) and “ggeffects” (Liidecke, 2018) to check for residual diagnostics.
Additionally, ArcGis Pro (Esri, 2024) was used to create Fig. S1.

3. Results

3.1. Comparison of the different calculation methods for retention
efficiency

All four methods to calculate retention efficiency showed similar
results with respect to mean or median retention values for all nutrients.

However, the UA method generated more outliers and had a wider
variability when compared to the other methods (Fig. 1). Along with this
agreement in the overall medians, the calculated retention efficiencies
varied depending on the specific pre-dam and year. However, the vari-
ability contribution from the four methods remained rather small (0.8
%), as shown by an LME model (Table 2), indicating that the methods of
calculation are not strongly influential. The pre-dams contributed 14 %,
and the interannual variability accounted for 8 %, with the remaining 76
% as residual variability. In other words, the variance partitioning
showed that variability is highest among pre-dams, followed by year-to-
year variation. The different methods remained unimportant compared
to the other random factors. In the few cases where the four methods
deviated from each other for a given pre-dam, year, and nutrient, the UA
method was responsible while the other methods were more consistent
among each other (Fig. 1). Given this agreement among the four
methods, we aggregated retention efficiencies by taking the average
over all 4 methods in the further statistical analysis for each pre-dam and
year (see Supplement for further details on method comparisons,
Fig. S3).

Regarding the fixed factors, the LME-model confirmed that retention
efficiencies were significantly different (Table 2) between nutrients and
also that the effect of HRT was significant. Note that, since
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Table 2

Results from an LME model of yearly nutrient retention efficiencies in the nine
pre-dams. The type of nutrient and HTR were selected as fixed effects as they
showed significant influence while other fixed factors evaluated remained
insignificant. Note that HRT was log-transformed (natural log). Due to pseu-
doreplication within pre-dams along with years and calculation method, we
chose pre-dam as well as method and year, nested in pre-dam, as random factors.
The stars indicate statistical significance with: *p < 0.05, **p < 0.01, ***p <
0.001. The partition of the variance analysis showed that the total explanatory
power of the full model, given as approximated R2, is substantial (conditional R2
= 0.50) and even the fixed factors alone explain about one-third of the vari-
ability (marginal R2) is 0.34. The complete model result is displayed in Fig. S.6.

Random Variance
effects
Pre.dam:year 24.35
Pre.dam: 2.30
method
Pre.dam 42.59
Residual 219.80
Fixed effects Estimate  Standard df t-value p-value
Error
Intercept -1.98 4.95 30.01 —0.400  0.69
Si 8.43 1.16 1621.13 7.222 7.86e-
13
SRP 28.91 0.94 1611.56  30.709 <2e-16***
TP 18.85 0.94 1611.56 20.025 <2e-16%**
HRT (log) 4.57 1.49 45.52 3.060 0.004+*
@ DPD1 @ RPD1 @ BPD1 PPD2 @ GDPD2
Pre-dams o ppp2 @ RPD2 © PPD1 © GDPDL

75
<
> 50
c
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S
&=
w
S 25 :
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” Pl B
SRP P NO3 Si

Fig. 2. Boxplots for yearly retention efficiency for SRP, TP, NOs, and Si in nine
pre-dams (averages of all four methods). The colors represent the different pre-
dams (legend on the top, abbreviations see Table 1). The yellow triangle in each
boxplot represents the arithmetic mean over all years and pre-dams while the
horizontal black line in the boxes shows the median. The sample size (n) for
nutrients and pre-dams are SRP (124), TP (124), NOs (124), and Si (70),
DPD1-2 (84), RPD1-2 (32), BPD1 (48), PPD1-2 (42), GDPD1-2 (39). Note that
values within each nutrient were plotted with horizontal scatter.

sedimentation follows first-order kinetics, mean HRT was log-
transformed and an increase in HRT by one unit (log-transformed
days) was associated with an average increase of 4.57 % in retention
efficiency.

3.2. Nutrient-specific retention efficiencies and variability over pre-dams
and years

Retention efficiencies differed significantly between nutrients
(Fig. S7). Observed mean retention efficiencies for the phosphorus
components, SRP (43.6 %) and TP (39.9 %), were higher than for NO3
(15.3 %) and Si (15.9 %) (Fig. 2). There were also systematic differences
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Table 3

Results of the LME model using monthly retention efficiency for each pre-dam
and year (after applying z-scores). Note that we used the ratio of inflow load
and inflow discharge, i.e. the mean inflow concentration, instead of including
them separately simply because they showed a high covariation. The explana-
tory power given as approximated R2 was at 0.57 for the full model (conditional
R2) and 0.46 for the fixed effects alone (marginal R2). The sample size (n) was
5187. For significance levels, see Table 2. The Fig. S.7 displays the complete
model result.

Random effects Variance  Standard

deviation
Pre.dam:year 0.022 0.149
Pre.dam 0.082 0.292
Residual 0.363 0.602
Fixed effects Estimate  Standard df t- p-value

Error value
Intercept (NO3) —-0.59 0.106 8.33 —5.61 0.000435***
Si 0.02 0.039 5072.69  0.67 0.499641
SRP 1.34 0.031 5071.92  42.14 <2%e-16%**
TP 0.87 0.031 5071.06  27.83 <2%e-16%**
HRT (log) 0.73 0.022 4557.33  32.30 <2%e-16%**
Mean depth -0.27 0.100 8.30 —-2.72  0.024991*
Solar radiation 0.18 0.010 4989.62  16.75 <2%e-16%**
Weighted 0.15 0.020 5072.90 7.74 1.12e-14***

concentration
= Radiation Residence_time SRP — S|
Water_temperature — NO3 - TP

0.5

0.0

Months

Fig. 3. Seasonally scaled dynamics of solar radiation (kWH m™ month™), water
temperature (°C), residence time (HRT in days), and retention efficiency for
SRP, TP, NO3, and Si aggregated over all pre-dams. To enhance comparability,
the variables were scaled by dividing by the maximum value, i.e. all variables
scale within the interval [0, 1]. Smoothed curves were fitted using a circular
(yearly scale) Generalized Additive Model (GAM) showing predictions (lines)
and confidence intervals (shaded areas).

among the pre-dams (Figure S9), the retention efficiency for some pre-
dams and years, respectively even turned out as negative values in the
case of TP (5.45 % below zero), NO3 (10 % below zero), and Si (5.17 %
below zero), meaning that a net mobilization of these nutrients took
place in specific years and pre-dams. The variability contribution from
the pre-dams (14.7 % of random variability) was almost twice as high as
the interannual variability (8.4 % of random variability) pointing to
systematically different performances of the studied pre-dams (LME, see
Table 2).

3.3. Variability and covariation of nutrient retention at monthly vs.
yearly scales

High SRP and TP retention efficiency coincided with months of high
radiation and water temperature pointing to the decisive role of phos-
phorus uptake by phytoplankton. However, the seasonal course of the
retention efficiency for SRP was broader than that of TP. Interestingly,
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Fig. 4. Correlation plot using Spearman’s rank correlation coefficient for monthly mean retention efficiency for four nutrients (SRP, TP, NOs, and Si), HRT
(avg_restime), water temperature (avg_temp), and solar radiation. The stars indicate statistical significance with: *p < 0.05, **p < 0.01, ***p < 0.001. The diagonal
displays histogram plots for the corresponding variable. The red line is a regression line and the grey shaded area is the 95 % confidence interval.

for NO3 the retention efficiency peaked a little later in the year and correlation between both TP and SRP with Si monthly retention effi-

hence did not coincide with the months of elevated radiation and scaled ciency was also strong and positive (r = 0.99*** and r = 0.87***).

best with HRT. The seasonality of the retention efficiency for Si peaked

in late summer, between those of TP and NOg, respectively.
A Spearman correlation analysis using monthly averaged values from

the whole dataset (Fig. 4) demonstrated that these statements were
statistically significant and the single best predictor for nutrient reten-
tion was radiation (SRP, TP, Si), HRT (NOgs), and water temperature (Si).
There was also a positive correlation between the monthly retention
efficiency of SRP and TP (r = 0.87, p < 0.001, Fig. 4). Besides that, the

3.4. LME model for monthly retention efficiency

The monthly derived retention efficiencies in each pre-dam and year
were finally evaluated in a full LME model including hydrological,
morphological, and climatological variables. This allowed us to account
for intra- and interannual variability in the predictors and the pseu-
doreplication within each pre-dam in one coherent statistical model. The
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model estimates for the fixed factors explained 46 % of the variability
and confirmed that phosphorus is retained more efficiently than Si and
NOs. HRT, radiation (Table 3), inflow concentration, and mean depth
were significant drivers indicating that meteorological, hydrological,
and morphological characteristics influence retention. Among the
random factors, variability within pre-dams explained 18 % of random
variability while interannual variability contributed only 5 %. We
identified HRT as the most influential variable followed by mean depth
and radiation (Table 3, see methods for calculation of relative
importance).

4. Discussion
4.1. Are there systematic differences among the chosen methods?

It is known in the literature that the Unweighted Average (UA)
method (Eq. (3)) can lead to systematic deviations due to the unprecise
representation of flood events (Quilbé et al., 2006; Treunert et al., 1974;
Valerio et al., 2022; Williams et al., 2015). For TP load, the errors could
range from 10 % to 14 % (Valerio et al., 2022). Nevertheless, it is a
simple approach still used by recent papers (Audet et al., 2020; Barbosa
etal., 2019; Kumwimba et al., 2022) and in governmental procedures. In
this study, the results of the UA method had the largest number of
outliers when compared to the other three methods (Fig. 1). In the rare
cases where the values from the four methods deviated to some extent,
the UA method was usually the cause (Fig. 1) while the other three
methods showed higher consistency. Aside from this higher, partly
erratic, variability, the UA method still captured the average retention
efficiency satisfactorily as long as a reasonable number of years were
included. Therefore, the ensembled mean of all four methods was used,
providing a reasonable and robust load estimate.

4.2. Which nutrient is retained best in pre-dams?

Regarding the phosphorus fractions, for six (DPD1-2, GDPD2, RPD2,
PPD1-2) out of nine pre-dams, the mean SRP retention was higher than
TP agreeing with literature for German pre-dams (Determann et al.,
2024; Paul, 2003; Piitz and Benndorf, 1998). Three (BPD1, GDPD1, and
RPD1) out of nine studied pre-dams presented higher mean TP retention
when compared with SRP (Table 1 and Fig. 1) agreeing with findings in
literature for Chinese and Luxembourgian pre-dams (Kumwimba et al.,
2022; Salvia-Castellvi et al., 2001).

The different retention efficiency for SRP and TP is mainly explained
by the HRT which needs to be long enough to allow the development of
fast-settling phytoplankton species (such as diatoms) but short enough
to prevent dominance of algae with low settling rates (such as cyano-
bacteria) (Hiilsmann et al., 2021; Piitz and Benndorf, 1998). In instances
where SRP is retained effectively but TP is not, phytoplankters have
obviously taken up SRP, yet the sedimentation was insufficient (main
mechanism for TP removal). This may be either because of too low HRT
or because of the motility or buoyancy of the dominating phytoplankton
species (e.g. flagellates, cyanobacteria). Previous results from RPD1-2
(Friese et al., 2014) support this interpretation: RPD1 was dominated by
diatoms in summer and showed (1) better TP retention than SRP and (2)
the highest Si retention. In contrast, RPD2 was dominated by cyano-
bacteria and showed higher SRP retention compared to TP and a
reduced Si retention (See Fig. S.11-14).

Biological structures in pre-dams can also play a role in P and N
retention, e.g. by extending the contact of water with water plants and
therefore reinforcing nutrient uptake and sedimentation (Cui et al.,
2022; Nikolakopoulou et al., 2020; Wiatkowski, 2011). Considering that
pre-dams are relatively shallow (Table 1) submerged macrophytes can
shape local nutrient retention with potential network-wide cascading
effects of improved water quality contributing to net particulate P
retention and net dissolved P release (Carpenter and Lodge, 1986; van
Wijk et al., 2022).

Water Research 272 (2025) 122864

The higher P retention relative to NOg in Fig. 1 agrees with findings
for lakes and reservoirs globally (Wu et al., 2022). But Wiatkowski
(2011) found higher NO3 (69 %) retention compared to SRP (33 %) in a
Polish pre-dam (HRT = 12 days) indicating that in some special cases,
nitrogen removal can be high, e.g. when denitrification is intense.
Wendt-Potthoff et al. (2014) found higher denitrification activity in
RPD2 compared to RPD1 due to the higher nutrient input from the
catchment, including increased NOs, and the resulting higher trophic
state. However, denitrification usually operates at lower rates in
pre-dams due to their short HRT and weak stratification (Paul, 2003).
Also, typical suspended particles in lakes and inflows show higher
adsorptive capacities for phosphate compared to NOs. Therefore,
pre-dams are often not excessive nitrogen sinks over annual timescales
(Kong et al., 2019; Whitney et al., 2023).

At the global scale, Si retention in standing waters plays a significant
role in the land-to-ocean transport of Si (Harrison et al., 2012; Maavara
et al., 2014). Also, Si controls phytoplankton growth, but only for di-
atoms (Friese et al., 2014; Kudela and Dugdale, 2000; Parekh and
Mccully, 2004; Wang et al., 2010; Wentzky et al., 2018) which are often
dominating in pre-dams (Friese et al., 2014). Interestingly, not many
studies analyzed Si retention efficiency in pre-dams. Our results had a
similar Si annual mean retention efficiency (15.9 %) as the few findings
in the literature (15.3 % Paul, 2003).

In a few years, net mobilization of TP, NOs, and Si took place and the
outflow load was higher than the inflow load. Some factors might have
driven the negative retention efficiency for TP, NOs, and Si like internal
sediment release and mineralization. For NOs, high mineralization rates
of allochthonous detritus (Morling et al., 2017), low denitrification
rates, and atmospheric deposition (Kong et al., 2019; Paul, 2003) can
mediate net release. The SRP retention was never negative indicating
that phosphate uptake by algae was sufficiently high in all pre-dams and
years.

In general, algal uptake is a key process that shapes nutrient reten-
tion. Phosphate uptake has a special role here as it mediates SRP
retention but not necessarily TP retention. For instance, if an algal
population takes up all SRP, it is still in the system as intracellular,
particulate phosphorus and therefore still included in the TP pool. When
then a flood event flushes the population out of the pre-dam, realized
TP-retention is zero, or even negative if sediment release is sufficiently
high.

4.3. Which pre-dams performed better (or worse) and why?

Some pre-dams retained more nutrients than others. Variation in
HRT alone cannot explain these differences as the correlation with the
HRT was moderately low (Fig. 2) although not so distant from literature
findings for TP in lakes (r2 = 0.19 for this study vs. r*> = 0.35 by Brett and
Benjamin (2008)). Considering the average retention efficiency, BPD1
and DPD1 showed lower retention efficiencies. GDPD1 (HRT = 84 days)
had the highest TP retention, and PPD1 (HRT = 21 days) had the highest
SRP and NOj retention efficiency (Fig. S.8). We believe that besides
HRT, other internal factors come into play, namely the sedimentation
characteristics of the dominating algae and the nutrient release of the
sediments. For example, some pre-dams were subjected to partial sedi-
ment removal, and others were not, which may explain the difference in
behavior. This intervention could cause an increase in the HRT since
there is more volume available and nutrient-rich sediments, potentially
acting as an internal nutrient source, are removed from the system. At
the same time, depending on how the sediment removal is performed, it
can also cause a nutrient resuspension from the sediment into the water
column during the dredging. A close analysis of the above-mentioned
processes requires more detailed studies derived from high-frequency
nutrient monitoring so that the impact of short-term dynamics (e.g.
flash floods) can be resolved. In that respect, the concept of average HRT
is maybe too simple and the discharge dynamics at short time scales,
particularly floods, have a strong influence besides even more complex
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factors such as stratification and interflow processes (Pilotti et al.,
2014). The retention efficiency in pre-dams can also be altered by
nutrient concentration variability through hydrological events and
stratification that creates a layer with shorter HRT (Determann et al.,
2024).

4.4. Drivers of retention efficiency at monthly vs. yearly scales load

The correlations for retention efficiency among nutrients and with
environmental drivers showed higher coefficients of determination at
the monthly scale than for the yearly scale (Fig. S5 and Fig. S6). As a
matter of fact, intra-annual nutrient retention efficiency variability was
higher than interannual variability. This is mainly due to the strong
seasonality in temperate zones where the air and water temperature,
light availability, and often also HRT vary considerably among the
seasons (Fig. 3). Adding to that, the abundance and composition of
phytoplankton may also vary seasonally (Friese et al., 2014). Seasonal
dynamics, therefore, play a crucial role in nutrient processing and
retention efficiency. Usual monitoring programs at monthly or biweekly
sampling can resolve such seasonal dynamics although they fail to
resolve processes at the event scale. The long time series involved in our
study enabled us to detect dominant seasonal patterns. Yet, achieving a
more thorough understanding of short-term dynamics, including the
analysis of extreme events, necessitates significantly higher sampling
frequencies. A study by Kong et al. (2019) using high-resolution online
monitoring showed that retention dynamics can change at the scale of a
few hours in small, highly flushed reservoirs like pre-dams.

The highest monthly SRP and TP retention efficiencies were
observed during summer (Fig. 4) when elevated solar radiation, water
temperature, and HRT support algal growth, nutrient uptake, and
sedimentation. Such higher retention efficiency in the warm season has
been also found by others (Determann et al., 2024; Habi et al., 2010;
Paul, 2003; Paul et al., 1998; Piitz and Benndorf, 1998; Salvia-Castellvi
et al.,, 2001). Similarly, the lower retention during winter, when the
P-input is high, was expected since pre-dams have limited efficiency due
to low light intensity, low temperature, and high discharge (Piitz and
Benndorf, 1998). The patterns for Si and NOg retention peaked in late
summer but showed similarities with the findings of Kong et al. (2019)
where winter months often exhibit negative N retention (source of N due
to mineralization), while summer months show positive retention
(acting as a sink for N). Results shown in Fig. 4 also agree with Li et al.
(2010) who concluded that the highest SRP removal took place when the
current velocity in the water body was low so that settling could take
place undisturbed. This also corroborates with Hiilsmann et al. (2021)
who indicated a pronounced reduction in the elimination of suspended
particles and P during flood events characterized by high flushing rates.

Given these clear and well-explainable seasonal patterns in retention
efficiency, we also noted that in many cases times with high loads
coincide with low retention efficiencies. This happens, for instance,
when high discharges during snowmelt come along with high nutrient
load. At that time of the year, radiation and temperatures are still low,
and retention efficiency, as well. But if the total load retained in the pre-
dam is calculated (inflow load times retention efficiency), in fact,
maximum absolute retention may occur outside the warm season. All
this depends on the seasonal patterns in discharge, loads, and meteo-
rological conditions. Nevertheless, pre-dams enable substantial nutrient
retention during the warm season and this service can and should be
exploited in surface water quality management.

5. Conclusion

Our results suggest that pre-dams provide a substantial ecosystem
service in retaining nutrients and by that help to protect the downstream
reservoir system from point and non-point load sources. Retention of
phosphorus is particularly high and is overall about 40 %. Corre-
sponding values for NOs, and Si are lower (15.3 % and 15.9 %). We also
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learned that different load calculation methods achieve similar outputs
for long time series (but UA underperformed). Furthermore, the pre-dam
HRT and mean depth were identified as the main retention efficiency
drivers. Our evaluation of pre-dams also indicates that regular hydro-
logical and water quality monitoring of inflows and outflows is impor-
tant for their management and performance evaluation. Further studies
would benefit from nutrient monitoring at higher temporal resolution
and could focus on quantifying the beneficial effects for the downstream
water bodies.

CRediT authorship contribution statement

Taynara Fernandes: Writing — review & editing, Writing — original
draft, Visualization, Software, Project administration, Methodology,
Investigation, Formal analysis, Data curation, Conceptualization. Tom
Shatwell: Writing — review & editing, Software, Methodology. Martin
Schultze: Writing — review & editing, Writing — original draft, Valida-
tion, Supervision, Methodology, Investigation, Data curation, Concep-
tualization. Chenxi Mi: Writing — review & editing, Data curation.
Maria Determann: Writing — review & editing, Data curation. Karsten
Rinke: Writing — review & editing, Writing — original draft, Visualiza-
tion, Validation, Supervision, Software, Methodology, Investigation,
Funding acquisition, Data curation, Conceptualization.

Declaration of competing interest

The authors declare that they have no known competing financial
interests or personal relationships that could have appeared to influence
the work reported in this paper.

Acknowledgments

The authors thank the Landestalsperrenverwaltung Sachsen (LTV),
Talsperrenbetrieb Sachsen-Anhalt (TSB), and Wupperverband for
providing the data. The authors thank Von Tiimpling, W. for insightful
discussions and M. Shikhani for helping with meteorological data
collection. The authors are grateful for the constructive comments from
three anonymous reviewers. The monitoring of RPD1 and RPD2 was
supported by the TERENO project funded by the German Ministry of
Education and Research (BMBF).

Supplementary materials

Supplementary material associated with this article can be found in
the online version, at doi:10.1016/j.watres.2024.122864.

Data availability
The authors do not have permission to share data.

References

Audet, J., Zak, D., Bidstrup, J., Hoffmann, C.C., 2020. Nitrogen and phosphorus retention
in Danish restored wetlands. Ambio 49 (1), 324-336. https://doi.org/10.1007/
s13280-019-01181-2.

Barbosa, J.d.S.B., Bellotto, V.R., da Silva, D.B., Lima, T.B., 2019. Nitrogen and
Phosphorus Budget for a Deep Tropical Reservoir of the Brazilian Savannah. Water
11 (6), 1205. https://www.mdpi.com/2073-4441/11/6/1205.

Bates, D., Machler, M., Bolker, B., Walker, S., 2015. Fitting Linear Mixed-Effects Models
Using Ime4. J. Stat. Softw. 67 (1), 1-48. https://doi.org/10.18637/jss.v067.i01.
Benndorf, J., Piitz, K., 1987. Control of eutrophication of lakes and reservoirs by means
of pre-dams—I. Mode of operation and calculation of the nutrient elimination
capacity. Water. Res. 21 (7), 829-838. https://doi.org/10.1016/0043-1354(87)

90159-X.

Brett, M.T., Benjamin, M.M., 2008. A review and reassessment of lake phosphorus
retention and the nutrient loading concept. Freshw. Biol. 53 (1), 194-211. https://
doi.org/10.1111/j.1365-2427.2007.01862.x.

Carpenter, S.R., Lodge, D.M., 1986. Effects of submersed macrophytes on ecosystem
processes. Aquat. Bot. 26, 341-370. https://doi.org/10.1016/0304-3770(86)90031-
8.


https://doi.org/10.1016/j.watres.2024.122864
https://doi.org/10.1007/s13280-019-01181-2
https://doi.org/10.1007/s13280-019-01181-2
https://www.mdpi.com/2073-4441/11/6/1205
https://doi.org/10.18637/jss.v067.i01
https://doi.org/10.1016/0043-1354(87)90159-X
https://doi.org/10.1016/0043-1354(87)90159-X
https://doi.org/10.1111/j.1365-2427.2007.01862.x
https://doi.org/10.1111/j.1365-2427.2007.01862.x
https://doi.org/10.1016/0304-3770(86)90031-8
https://doi.org/10.1016/0304-3770(86)90031-8

T. Fernandes et al.

Carvalho, L., Mackay, E.B., Cardoso, A.C., Baattrup-Pedersen, A., Birk, S., Blackstock, K.
L., Borics, G., Borja, A., Feld, C.K., Ferreira, M.T., Globevnik, L., Grizzetti, B.,
Hendry, S., Hering, D., Kelly, M., Langaas, S., Meissner, K., Panagopoulos, Y.,
Penning, E., ...Solheim, A.L., 2019. Protecting and restoring Europe’s waters: An
analysis of the future development needs of the Water Framework Directive. Science
of The Total Environment 658, 1228-1238. https://doi.org/10.1016/j.
scitotenv.2018.12.255.

Cui, Z., Huang, J., Gao, J., Han, J, 2022. Characterizing the impacts of macrophyte-
dominated ponds on nitrogen sources and sinks by coupling multiscale models.
Science of The Total Environment 811, 152208. https://doi.org/10.1016/j.
scitotenv.2021.152208.

Determann, M., Musolff, A., Frassl, M.A., Rinke, K., Shatwell, T., 2024. Nutrient retention
in a small reservoir under changed variability of inflow nutrient concentration.
Inland. Waters. 13 (4), 560-575. https://doi.org/10.1080/
20442041.2024.2305105.

EEA, E.E.A.E. w. (2018). Assessment of status and pressures. 7/2018.

Esri. (2024). ArcGIS Pro documentation. https://pro.arcgis.com/.

Frenken, T., Brandenburg, K.M., Van de Waal, D.B., 2023. Long-term nutrient load
reductions and increasing lake TN : TP stoichiometry decrease phytoplankton
biomass and diversity in a large shallow lake. Limnol. Oceanogr. 68 (10),
2389-2401. https://doi.org/10.1002/In0.12428.

Friese, K., Schultze, M., Boehrer, B., Biittner, O., Herzsprung, P., Koschorreck, M.,
Kuehn, B., Ronicke, H., Tittel, J., Wendt-Potthoff, K., Wollschlager, U., Dietze, M.,
Rinke, K., 2014. Ecological response of two hydro-morphological similar pre-dams to
contrasting land-use in the Rappbode reservoir system (Germany). Int. Rev.
Hydrobiol. 99 (5), 335-349. https://doi.org/10.1002/iroh.201301672.

Habi, M., Lothar, P., Kranawettreiser, J., 2010. A SUBMERGED FLEXIBLE CURTAIN IN
THE RESERVOIR TO REDUCE THE NUTRIENT. LARHYSS Journal 8 (2), 35-41. https
://www.asjp.cerist.dz/en/article/54858.

Harrison, J.A., Frings, P.J., Beusen, A.H.W., Conley, D.J., McCrackin, M.L., 2012. Global
importance, patterns, and controls of dissolved silica retention in lakes and
reservoirs. Global. Biogeochem. Cycles. 26 (2). https://doi.org/10.1029/
2011GB004228.

Hartig, F. (2022). DHARMa: residual diagnostics for hierarchical (multi-level/mixed)
regression models. https://cran.r-project.org/web/packages/DHARMa/vignettes
/DHARMa.html.

Hilden, M., 2003. Landerarbeitsgemeinschaft Wasser: Ermittlung von Stoff-Frachten in
FlieBgewdssern: Probenahmestrategien und Berechnungsverfahren. Kulturbuch-
Verlag. https://books.google.de/books?id=4t1qAgAACAAJ.

Hirsch, R.M., De Cicco, L.A., 2015. User guide to Exploration and Graphics for RivEr
Trends (EGRET) and dataRetrieval: R packages for hydrologic data [Report](4-A10).
(Techniques and Methods, Issue. U. S. G. Survey. https://pubs.usgs.gov/publicati
on/tm4A10.

Hiilsmann, S., Rinke, K., Paul, L., & Santos, C.D. (2021). Storage Reservoir Operation and
Management. In J. J. Bogardi, J. Gupta, K. D. W. Nandalal, L. Salamé, R. R. P. van
Nooijen, N. Kumar, T. Tingsanchali, A. Bhaduri, & A. G. Kolechkina (Eds.),
Handbook of Water Resources Management: Discourses, Concepts and Examples (pp.
777-799). Springer International Publishing. https://doi.org/10.1007/978-3-030-6
0147-8_24.

Huser, B., Futter, M., Lee, T., Perniel, M., 2016b. In-lake measures for phosphorus
control: The most feasible and cost-effective solution for long-term management of
water quality in urban lakes. Water. Res. 97, 142-152. https://doi.org/10.1016/j.
watres.2015.07.036.

Huser, E.S., Harper, H., Hupfer, M., Jensen, H., Pilgrim, K.M., Reitzel, K., Rydin, E.,
Futter, M., 2016a. Longevity and effectiveness of aluminum addition to reduce
sediment phosphorus release and restore lake water quality. Water. Res. 97,
122-132. https://doi.org/10.1016/j.watres.2015.06.051.

Jeppesen, E., Sgndergaard, M., Jensen, J.P., Havens, K.E., Anneville, O., Carvalho, L.,
Coveney, M.F., Deneke, R., Dokulil, M.T., Foy, B., Gerdeaux, D., Hampton, S.E.,
Hilt, S., Kangur, K., Kohler, J., Lammens, E.H.H.R., Lauridsen, T.L., Manca, M.,
Miracle, M.R., ...Winder, M., 2005. Lake responses to reduced nutrient loading — an
analysis of contemporary long-term data from 35 case studies. Freshw. Biol. 50 (10),
1747-1771. https://doi.org/10.1111/j.1365-2427.2005.01415.x.

Kong, X., Zhan, Q., Boehrer, B., Rinke, K., 2019. High frequency data provide new
insights into evaluating and modeling nitrogen retention in reservoirs. Water. Res.
166, 115017. https://doi.org/10.1016/j.watres.2019.115017.

Kudela, R.M., Dugdale, R.C., 2000. Nutrient regulation of phytoplankton productivity in
Monterey Bay. California. Deep Sea Research Part II: Topical Studies in
Oceanography 47 (5), 1023-1053. https://doi.org/10.1016/50967-0645(99)00135-
6.

Kumwimba, M.N., Bao, L., Jie, Z., Li, X., Huang, J., wang, W., Li, X., Su, J., Muyembe, D.
K., Guide, A., Dzakpasu, M., 2022. Nutrients retention of a series of small dam-
impacted urban rivers in northern China. J. Environ. Chem. Eng. 10 (3), 107967.
https://doi.org/10.1016/j.jece.2022.107967.

Li, B., Lu, X., Ning, P., 2010. Simulation of Flow Field in Pre-Dams and Phosphorus
Elimination during Rainstorm. 2010 4th International Conference on Bioinformatics
and Biomedical Engineering.

Liidecke, D., 2018. ggeffects: Tidy Data Frames of Marginal Effects from Regression
Models. J. Open. Source Softw. 3 (26), 772. https://doi.org/10.21105/j0ss.00772.

Luo, M., Liu, X., Legesse, N., Liu, Y., Wu, S., Han, F.X., Ma, Y., 2023. Evaluation of
Agricultural Non-point Source Pollution: a Review. Water, Air, & Soil Pollution, 234
(10), 657. https://doi.org/10.1007/511270-023-06686-x.

Maavara, T., Diirr, H.H., Van Cappellen, P., 2014. Worldwide retention of nutrient silicon
by river damming: From sparse data set to global estimate. Global. Biogeochem.
Cycles. 28 (8), 842-855. https://doi.org/10.1002/2014GB004875.

Water Research 272 (2025) 122864

Morling, K., Herzsprung, P., Kamjunke, N., 2017. Discharge determines production of,
decomposition of and quality changes in dissolved organic carbon in pre-dams of
drinking water reservoirs. Science of The Total Environment 577, 329-339. https://
doi.org/10.1016/j.scitotenv.2016.10.192.

Nikolakopoulou, M., Argerich, A., Bernal, S., Gacia, E., Ribot, M., Marti, E., Sorolla, A.,
Sabater, F., 2020. Effect of Three Emergent Macrophyte Species on Nutrient
Retention in Aquatic Environments under Excess Nutrient Loading. Environ. Sci.
Technol. 54 (23), 15376-15384. https://doi.org/10.1021/acs.est.0c03216.

Parekh, P., Mccully, P., 2004. A Preliminary Review of the Impact of Dam Reservoirs On
Carbon cycling. International Rivers Network. Massachussets.

Paul, L., 1995. Nutrient Elimination in an Underwater Pre-Dam. Internationale Revue der
gesamten Hydrobiologie 80 (4), 579-594. https://doi.org/10.1002/
iroh.19950800408.

Paul, L., 2003. Nutrient elimination in pre-dams: results of long term studies.
Hydrobiologia 504 (1), 289-295. https://doi.org/10.1023/B:
HYDR.0000008528.34920.b2.

Paul, L., Schruter, K., Labahn, J., 1998. Phosphorus elimination by longitudinal
subdivision of reservoirs and lakes. Water Science and Technology 37 (2), 235-243.
https://doi.org/10.1016/50273-1223(98)00029-8.

Pilotti, M., Simoncelli, S., Valerio, G., 2014. A simple approach to the evaluation of the
actual water renewal time of natural stratified lakes. Water. Resour. Res. 50 (4),
2830-2849. https://doi.org/10.1002/2013WR014471.

Piitz, K., Benndorf, J., 1998. The importance of pre-reservoirs for the control of
eutrophication of reservoirs. Water Science and Technology 37 (2), 317-324.
https://doi.org/10.1016,/50273-1223(98)00039-0.

Quilbé, R., Rousseau, A.N., Duchemin, M., Poulin, A., Gangbazo, G., Villeneuve, J.P.,
2006. Selecting a calculation method to estimate sediment and nutrient loads in
streams: Application to the Beaurivage River (Québec, Canada). J. Hydrol. 326 (1),
295-310. https://doi.org/10.1016/j.jhydrol.2005.11.008.

Salvia-Castellvi, M., Dohet, A., Vander Borght, P., Hoffmann, L., 2001. Control of the
eutrophication of the reservoir of Esch-sur-Sfire (Luxembourg): evaluation of the
phosphorus removal by predams. Hydrobiologia 459 (1), 61-71. https://doi.org/
10.1023/A:1012548006413.

Soares, L., Calijuri, M., 2022. Restoration from eutrophication in interconnected
reservoirs: Using a model approach to assess the propagation of water quality
improvements downstream along a cascade system. Environmental Modelling &
Software 149, 105308. https://doi.org/10.1016/j.envsoft.2022.105308.

Stoffel, M.A., Nakagawa, S., Schielzeth, H., 2021. partR2: partitioning R2 in generalized
linear mixed models. PeerJ. 9, e11414. https://doi.org/10.7717 /peerj.11414.

Tong, Y., Wang, M., Penuelas, J., Liu, X., Paerl, H.W., Elser, J.J., Sardans, J., Couture, R.
M., Larssen, T., Hu, H., Dong, X., He, W., Zhang, W., Wang, X., Zhang, Y., Liu, Y.,
Zeng, S., Kong, X., Janssen, A.B.G., Lin, Y., 2020. Improvement in municipal
wastewater treatment alters lake nitrogen to phosphorus ratios in populated regions.
Proceedings of the National Academy of Sciences 117 (21), 11566-11572. https://
doi.org/10.1073/pnas.1920759117.

Treunert, E., Wilhelms, A., Bernhardt, H., 1974. Effect of the sampling frequency on the
determination of the annual phosphorus load of average streams. Hydrochemical
Hydraulic Geological Mitt 1, 175-198.

Valerio, G., Pilotti, M., Scibona, A., Nizzoli, D., 2022. Monitoring phosphorus in the
tributaries of a deep lake from the perspective of the receiving water body. Hydrol.
Process. 36 (7), e14612. https://doi.org/10.1002/hyp.14612.

van Wijk, D., Teurlincx, S., Brederveld, R.J., de Klein, J.J.M., Janssen, A.B.G., Kramer, L.,
van Gerven, L.P.A., Kroeze, C., Mooij, W.M., 2022. Smart Nutrient Retention
Networks: a novel approach for nutrient conservation through water quality
management. Inland Waters 12 (1), 138-153. https://doi.org/10.1080/
20442041.2020.1870852.

Wang, F., Yu, Y., Liu, C., Wang, B., Wang, Y., Guan, J., Mei, H., 2010. Dissolved silicate
retention and transport in cascade reservoirs in Karst area, Southwest China. Science
of The Total Environment 408 (7), 1667-1675. https://doi.org/10.1016/.
scitotenv.2010.01.017.

Wendt-Potthoff, K., KloB, C., Schultze, M., Koschorreck, M., 2014. Anaerobic metabolism
of two hydro-morphological similar pre-dams under contrasting nutrient loading
(Rappbode Reservoir System, Germany). Int. Rev. Hydrobiol. 99 (5), 350-362.
https://doi.org/10.1002/iroh.201301673.

Wentzky, V.C., Tittel, J., Jager, C.G., Rinke, K., 2018. Mechanisms preventing a decrease
in phytoplankton biomass after phosphorus reductions in a German drinking water
reservoir—Results from more than 50 years of observation. Freshw. Biol. 63 (9),
1063-1076. https://doi.org/10.1111/fwb.13116.

Whitney, C.T., Wollheim, W.M., Gold, A.J., Buonpane, J.M., 2023. Small Reservoirs as
Nitrogen Transformers: Accounting for Seasonal Variability in Inorganic and Organic
Nitrogen Processing. Journal of Geophysical Research: Biogeosciences 128 (11),
€2023JG007635. https://doi.org/10.1029/2023JG007635.

Wiatkowski, M., 2011. Influence of Msciwojow pre-dam reservoir on water quality In the
water reservoir dam and below the reservoir. Ecological Chemistry and Engineering.
A 18 (2), 289-300.

Williams, M.R., King, K.W., Macrae, M.L., Ford, W., Van Esbroeck, C., Brunke, R.I.,
English, M.C., Schiff, S.L., 2015. Uncertainty in nutrient loads from tile-drained
landscapes: Effect of sampling frequency, calculation algorithm, and compositing
strategy. J. Hydrol. (Amst) 530, 306-316. https://doi.org/10.1016/j.
jhydrol.2015.09.060.

Wood, S.N., 2011. Fast stable restricted maximum likelihood and marginal likelihood
estimation of semiparametric generalized linear models. Journal of the Royal


https://doi.org/10.1016/j.scitotenv.2018.12.255
https://doi.org/10.1016/j.scitotenv.2018.12.255
https://doi.org/10.1016/j.scitotenv.2021.152208
https://doi.org/10.1016/j.scitotenv.2021.152208
https://doi.org/10.1080/20442041.2024.2305105
https://doi.org/10.1080/20442041.2024.2305105
https://pro.arcgis.com/
https://doi.org/10.1002/lno.12428
https://doi.org/10.1002/iroh.201301672
https://www.asjp.cerist.dz/en/article/54858
https://www.asjp.cerist.dz/en/article/54858
https://doi.org/10.1029/2011GB004228
https://doi.org/10.1029/2011GB004228
https://cran.r-project.org/web/packages/DHARMa/vignettes/DHARMa.html
https://cran.r-project.org/web/packages/DHARMa/vignettes/DHARMa.html
https://books.google.de/books?id=4t1qAgAACAAJ
https://pubs.usgs.gov/publication/tm4A10
https://pubs.usgs.gov/publication/tm4A10
http://doi.org/10.1007/978-3-030-60147-8_24
http://doi.org/10.1007/978-3-030-60147-8_24
https://doi.org/10.1016/j.watres.2015.07.036
https://doi.org/10.1016/j.watres.2015.07.036
https://doi.org/10.1016/j.watres.2015.06.051
https://doi.org/10.1111/j.1365-2427.2005.01415.x
https://doi.org/10.1016/j.watres.2019.115017
https://doi.org/10.1016/S0967-0645(99)00135-6
https://doi.org/10.1016/S0967-0645(99)00135-6
https://doi.org/10.1016/j.jece.2022.107967
http://refhub.elsevier.com/S0043-1354(24)01764-0/sbref0028
http://refhub.elsevier.com/S0043-1354(24)01764-0/sbref0028
http://refhub.elsevier.com/S0043-1354(24)01764-0/sbref0028
https://doi.org/10.21105/joss.00772
https://doi.org/10.1007/s11270-023-06686-x
https://doi.org/10.1002/2014GB004875
https://doi.org/10.1016/j.scitotenv.2016.10.192
https://doi.org/10.1016/j.scitotenv.2016.10.192
https://doi.org/10.1021/acs.est.0c03216
http://refhub.elsevier.com/S0043-1354(24)01764-0/sbref0034
http://refhub.elsevier.com/S0043-1354(24)01764-0/sbref0034
https://doi.org/10.1002/iroh.19950800408
https://doi.org/10.1002/iroh.19950800408
https://doi.org/10.1023/B:HYDR.0000008528.34920.b2
https://doi.org/10.1023/B:HYDR.0000008528.34920.b2
https://doi.org/10.1016/S0273-1223(98)00029-8
https://doi.org/10.1002/2013WR014471
https://doi.org/10.1016/S0273-1223(98)00039-0
https://doi.org/10.1016/j.jhydrol.2005.11.008
https://doi.org/10.1023/A:1012548006413
https://doi.org/10.1023/A:1012548006413
https://doi.org/10.1016/j.envsoft.2022.105308
https://doi.org/10.7717/peerj.11414
https://doi.org/10.1073/pnas.1920759117
https://doi.org/10.1073/pnas.1920759117
http://refhub.elsevier.com/S0043-1354(24)01764-0/sbref0047
http://refhub.elsevier.com/S0043-1354(24)01764-0/sbref0047
http://refhub.elsevier.com/S0043-1354(24)01764-0/sbref0047
https://doi.org/10.1002/hyp.14612
https://doi.org/10.1080/20442041.2020.1870852
https://doi.org/10.1080/20442041.2020.1870852
https://doi.org/10.1016/j.scitotenv.2010.01.017
https://doi.org/10.1016/j.scitotenv.2010.01.017
https://doi.org/10.1002/iroh.201301673
https://doi.org/10.1111/fwb.13116
https://doi.org/10.1029/2023JG007635
http://refhub.elsevier.com/S0043-1354(24)01764-0/sbref0054
http://refhub.elsevier.com/S0043-1354(24)01764-0/sbref0054
http://refhub.elsevier.com/S0043-1354(24)01764-0/sbref0054
https://doi.org/10.1016/j.jhydrol.2015.09.060
https://doi.org/10.1016/j.jhydrol.2015.09.060

T. Fernandes et al.

Statistical Society: Series B (Statistical Methodology) 73 (1), 3-36. https://doi.org/
10.1111/j.1467-9868.2010.00749.x.

Wu, Z., Li, J., Sun, Y., Penuelas, J., Huang, J., Sardans, J., Jiang, Q., Finlay, J.C.,
Britten, G.L., Follows, M.J., Gao, W., Qin, B., Ni, J., Huo, S., Liu, Y., 2022. Imbalance
of global nutrient cycles exacerbated by the greater retention of phosphorus over

10

Water Research 272 (2025) 122864

nitrogen in lakes. Nat. Geosci. 15 (6), 464-468. https://doi.org/10.1038/541561-
022-00958-7.

Xue, J., Wang, Q., Zhang, M., 2022. A review of non-point source water pollution
modeling for the urban-rural transitional areas of China: Research status and
prospect. Sci. Total. Environ. 826, 154146. https://doi.org/10.1016/j.
scitotenv.2022.154146.


https://doi.org/10.1111/j.1467-9868.2010.00749.x
https://doi.org/10.1111/j.1467-9868.2010.00749.x
https://doi.org/10.1038/s41561-022-00958-7
https://doi.org/10.1038/s41561-022-00958-7
https://doi.org/10.1016/j.scitotenv.2022.154146
https://doi.org/10.1016/j.scitotenv.2022.154146

	How efficient are pre-dams as reservoir guardians? A long-term study on nutrient retention
	1 Introduction
	2 Methods
	2.1 Study sites
	2.2 Monitoring data
	2.2.1 Assumptions
	2.2.2 Calculated derived and explanatory variables

	2.3 Load estimation
	2.4 Retention efficiency calculation
	2.5 Statistical analysis
	2.6 Code transparency and open access availability by package creation

	3 Results
	3.1 Comparison of the different calculation methods for retention efficiency
	3.2 Nutrient-specific retention efficiencies and variability over pre-dams and years
	3.3 Variability and covariation of nutrient retention at monthly vs. yearly scales
	3.4 LME model for monthly retention efficiency

	4 Discussion
	4.1 Are there systematic differences among the chosen methods?
	4.2 Which nutrient is retained best in pre-dams?
	4.3 Which pre-dams performed better (or worse) and why?
	4.4 Drivers of retention efficiency at monthly vs. yearly scales load

	5 Conclusion
	CRediT authorship contribution statement
	Declaration of competing interest
	Acknowledgments
	Supplementary materials
	datalink9
	References


