10

11

12

13

14

15

16

17

18

19

20

21

22

23

24

The concentration-discharge slope as a tool for water quality management
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Abstract

Recent technological breakthroughs of optical sensors and analysers have enabled matching the water
quality measurement interval to the time scales of stream flow changes and led to an improved
understanding of spatially and temporally heterogeneous sources and delivery pathways for many
solutes and particulates. This new ability to match the chemograph with the hydrograph has promoted
renewed interest in the concentration-discharge (c-q) relationship and its value in characterising
catchment storage, time lags and legacy effects for both weathering products and anthropogenic
pollutants. In this paper we evaluated the stream c-g relationships for a number of water quality
determinands (phosphorus, suspended sediments, nitrogen) in intensively managed agricultural
catchments based on both high-frequency (sub-hourly) and long-term low-frequency (fortnightly-
monthly) routine monitoring data. We used resampled high-frequency data to test the uncertainty in
water quality parameters (e.g. mean, 95" percentile and load) derived from low-frequency sub-datasets.
We showed that the uncertainty in water quality parameters increases with reduced sampling frequency

as a function of the c-g slope. We also showed that different sources and delivery pathways control c-q


mailto:magdalena.bieroza@slu.se
mailto:katarina.kyllmar@slu.se
mailto:louise.heathwaite@lancaster.ac.uk
mailto:marianne.bechmann@nibio.no
mailto:p.jordan@ulster.ac.uk

25

26

27

28

29

30

31

32

33

34

35

36

37

38

39

40

41

42

43

44

45

46

47

48

relationship for different solutes and particulates. Secondly, we evaluated the variation in c-g slopes
derived from the long-term low-frequency data for different determinands and catchments and showed
strong chemostatic behaviour for phosphorus and nitrogen due to saturation and agricultural legacy
effects. The c-q slope analysis can provide an effective tool to evaluate the current monitoring networks
and the effectiveness of water management interventions. This research highlights how improved
understanding of solute and particulate dynamics obtained with optical sensors and analysers can be
used to understand patterns in long-term water quality time series, reduce the uncertainty in the

monitoring data and to manage eutrophication in agricultural catchments.
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Highlights

High-frequency data help to understand the patterns in long-term data
Chemostatic responses lead to low errors in water quality parameters
Low-order agricultural catchments homogenize stream solute responses
Phosphorus and nitrogen chemostatic responses are driven by legacy stores

Concentration-discharge slope helps to prioritise monitoring and mitigation efforts

Introduction

Combating eutrophication is proving difficult and exposes gaps in our scientific understanding of
hydrological and biogeochemical processes controlling stream concentrations of solutes and
particulates. The relative importance of these processes and contribution of dominant sources and
delivery pathways is captured by the concentration-discharge (c-q) relationship. The c-q relationship
characterises solute/particulate change (dilution or concentration) with varying flow (Evans and Davies,

1998) and can be quantified as the slope b of the c-q regression relationship on logarithmic axes (Godsey
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et al., 2009). The c-q relationship is often complex due to hydrochemical variability but can generally
be classified into two patterns: chemostatic (|b|<0.1) and chemodynamic (|b|>0.1) with either dilution
(b<-0.1) or concentration (b>0.1) pattern. The chemostatic c-g pattern, in which the concentrations are
stable over a large range of flows has been observed for many solutes and particulates with an abundant
source of the chemical in the catchment (Thompson et al., 2011) e.g. weathering bedrock (Ameli et al.,
2017; Godsey et al., 2009; Hoagland et al., 2017) or agricultural soils and the unsaturated zone (Basu
et al., 2011; Van Meter et al., 2017). These sources are also referred to as the legacy stores that can
control the mobilisation and stream transport of the chemicals in the long-term and lead to transport-
limitation (Basu et al., 2011). When the rate of the concentration change is larger than the flow change,
a chemodynamic c-g pattern and source-limitation are observed with either concentrations increasing
(concentration) or decreasing (dilution). Recent increased availability of high-frequency (sub-hourly) ¢
and g data, due to deployment of optical sensors and wet-chemistry analysers, has led to improved
understanding of the complex c-q patterns observed in water quality data. For example, recent work
explains how both seasonal and storm-to-storm dynamics in source mobilisation and activation of
different delivery pathways control the chemostatic and chemodynamic c-g responses (Bieroza and

Heathwaite, 2015; Lloyd et al., 2016).

To date, the c-g relationship has been evaluated for a large range of chemicals both derived from
weathering of bedrock and from agricultural land use. The studies of c-q dynamics in agricultural
catchments focus on chemicals that are of major concern due to increasing eutrophication and hypoxia
of inland and coastal waters: phosphorus (P) both as total P (TP) and total and soluble reactive P (TRP
and SRP) (Basu et al., 2011; Bieroza and Heathwaite, 2015; Dupas et al., 2015), suspended sediments
(SS) measured directly or with turbidity (TURB) as a proxy (Lawler et al., 2006), organic and inorganic
nitrogen (N), particularly in the form of nitrate-nitrogen (NOs-N) (Bieroza et al., 2014; Dupas et al.,
2016; Van Meter et al., 2017) and compounds that provide information on the general hydrochemical
functioning of catchments: total and dissolved organic carbon (TOC and DOC) (Butturini et al., 2008;

Hoagland et al., 2017) and specific conductivity (COND) (Bieroza and Heathwaite, 2015) .
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Hydrochemical data have been collected for over 150 years (Howden et al., 2010) and most of these
long-term datasets are from rivers (>4" Strahler order) and collected at low frequency (typically
monthly) (Tetzlaff et al., 2017). Therefore, this existing water quality sampling method is not suited to
target the highly variable, in space and time, agricultural P and N pollution in low-order (<3 Strahler
order) catchments (Bieroza et al., 2014). Recent advances in in situ water quality monitoring with
optical sensors and wet-chemistry analysers (Bieroza and Heathwaite, 2016; Floury et al., 2017; Jordan
et al., 2012; Rode et al., 2016) help to bridge this gap, but due to high-financial cost of the in situ
technology per sampling site, new approaches that integrate the high- and low-frequency sampling are
needed (Bieroza et al., 2014; Chappell et al., 2017; Jordan and Cassidy, 2011). To address this scientific
and management need, we propose that the new knowledge of c-q dynamics obtained with high-
frequency sampling can improve the understanding of hydrochemical patterns in readily available long-

term datasets and can help to prioritise monitoring and mitigation efforts.

Specifically, we evaluated the uncertainty and variation in the c-q relationship for selected solutes and
particulates, for a number of low-order small agricultural catchments in the UK, Norway and Sweden
that are subjected to eutrophication pressures. We hypothesized that the c-q slope represents the
catchment’s tendency to store and transport chemicals and that it can be a useful tool in water
management practice. Our objectives were to: 1) evaluate the variation in the c-q slopes for P, SS, NOs-
N, DOC and COND for both high- and low-frequency sampling, 2) evaluate the uncertainty in
operational water quality parameters (mean, 95" percentile and load) derived from low-frequency
datasets as a function of the c-q slope, 3) provide recommendations on how the c-q slopes can help to

improve water quality management.

Methods

High-frequency datasets

Two high-frequency datasets were used in the analysis: HF1 (Leith catchment, UK, 2009-2014, hourly
and sub-hourly, TP, TRP, TURB, NOs-N and COND) and HF2 (SE3 catchment, SE, 2017-2018, sub-
hourly, TP, TRP, TURB, NOs-N and DOC) with continuous flow discharge measurements. Similar

4
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experimental setups were deployed in both cases, with stream water pumped to a small hut on the bank
and the measurements conducted on unfiltered samples with wet-chemistry analysers (Systea’s Micro
Mac for HF1 and Hach Lange’s Phosphax for HF2 giving TP and TRP) and in-line optical sensors for
TURB and solutes (Systea’s WaterWatch and Hach Lange’s Nitratax for HF1 and s:can’s Spectrolyser
for HF2). The details of the HF1 experimental setup and principles of the in situ monitoring are given
elsewhere (Bieroza and Heathwaite, 2015; Bieroza and Heathwaite, 2016; Bieroza et al., 2014). Both
study catchments represent small, low-order catchments dominated by agricultural land use: grassland
and livestock grazing in the Leith catchment (HF1 in Table 1) and arable land and crop production in
the SE3 catchment (HF2 in Table 1). The catchments differ in terms of geology and soils, with sandstone
and loam soils in HF1 and marine clay and heavy clay soils in HF2 with the effect on hydrology:
intensive ground-surface water interactions (Krause et al., 2009) and subsurface flow pathways in HF1
(Bieroza et al., 2014) and overland, macropore and tile drainage flow pathways in HF2 (Ulén et al.,

2011).

Low-frequency datasets

We collated long-term low-frequency water quality time series (TP, TRP and SRP, SS, NOs-N, DOC
and TOC and COND) for agricultural catchments subject to risk of eutrophication from three EU
countries (UK, Norway and Sweden) spanning a range of climatic and soil conditions (USDA, 1987)
(Table 1). The datasets varied in terms of sampling frequency: fortnightly sampling for the Swedish and
Norwegian catchments under Agricultural Monitoring Programmes to 6-12 samples a year in the UK

catchments under the routine monitoring programmes (Water Framework and Nitrates Directives).

In the UK, all environmental datasets were accessed online: the water quality datasets were obtained

from the Environment Agency (http://environment.data.gov.uk/water-quality), flow records from the

National River Flow Archive (https://nrfa.ceh.ac.uk/) and soil data from the UK Soil Observatory Map

(http://www.ukso.org/home.html). As the UK does not have a specific agricultural impact monitoring

programme, unlike Sweden and Norway, a selection of the sampling points and study catchments was

made from over 1500 gauging stations and over 7000 water quality sampling points with the following
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criteria: continuous (no breaks due to gauging station closure) flow discharge record, catchment area
<60 km?, agricultural land use >70%, no major settlements/fish farms/sewage treatment outlets in the
catchment and a nearby water quality sampling point (up to 50 m upstream and 100 m downstream,
with no tributaries between both points) with at least 50 TRP and NO3-N measurements. Based on these
criteria, a selection of 42 catchments representing diverse soil, climatic and agricultural conditions was
made (Table 1). For the UK, DOC and TP measurements are not part of the routine monitoring (Table

ST1).

In Norway, data about water quality and agricultural production are collected in the Agricultural
Environmental Monitoring Programme (JOVA) (Bechmann et al., 2008). The selected ten catchments
represent the main agricultural production systems in Norway including cereals (E), vegetables (S),
intensive dairy farming (W) and more extensive grass production (S and N) and vary in terms of soils,
topography and climate (Table 1). In all catchments, fortnightly flow-proportional samples are collected
(TP, SRP, SS, NOsz-N) and water level is recorded automatically. Since the P, SS and NOs-N
concentrations and loads are high, economic subsidies and information campaigns have been introduced
to reduce pollution trough e.g. reduction in autumn ploughing, improved nutrient and animal waste

management and mitigation measures (buffer zones and constructed wetlands) (Bechmann et al., 2008).

In Sweden, ten small agricultural catchments (Table 1) have been monitored for agricultural impact on
water quality for more than 20 years (Kyllmar et al., 2014). Fortnightly water quality sampling includes
time-proportional grab sampling (1990-2010) and flow-proportional composite sampling (from 2005)
for TP, TRP, SRP, NOs-N, SS, DOC and COND with continuous flow discharge measurements. The
catchments represent various types of soils, agricultural production and climate with a clear
precipitation gradient between SW and E Sweden. Higher precipitation in the SW catchments results in
higher flow discharge and nutrient loads (SE6, SE8 and SE9) compared to the E catchments (SE1, SE2,
SE3 and SE5). As a result, the SW Sweden catchments have climatic and hydrological conditions
similar to the UK and Norway (Table 1). Catchments with high clay content (SE9, SE10) generally

have higher P and SS loads compared to those with sandy soils (SES8).
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Data analyses

All high- and low-frequency datasets were quality controlled to remove outliers and calculate basic
descriptive statistics (Tables 2 and ST1). Flow discharge records were used to calculate the flashiness
index as a ratio of the high (5" percentile) and low flows (95" percentile) which describes the dominant
flow pathways in the catchment (Jordan et al., 2005). A higher flashiness index (Q5:Q95; Table 1)
indicates a higher ratio of flashier, faster flow responses to rainfall compared to slower, low flows
(baseflow and slow subsurface). For each high-frequency dataset, loads were calculated using a
standard algorithm based on instantaneous concentration and flow discharge (Bieroza et al., 2014,
Jordan and Cassidy, 2011) (Equation 1):

KX, CiQ;

L= L Q;

Qr (Equation 1)

Where: C;i and Qi are instantaneous high-frequency concentration and discharge data, L is the load
estimate, Qr is the average flow discharge based on the long-term data, K is a constant which accounts

for the duration of the record, n is the number of concentration measurements.

To examine the effect of sampling frequency on the uncertainty in water quality parameters routinely
used for water management (mean, standard deviation, maximum and 95" percentile concentration,
load and c-q slope), the high-frequency datasets were resampled using 10,000 Monte Carlo iterations
each, to simulate daily, weekly, fortnightly and monthly sampling frequencies, respectively (Table 2).
For each simulated frequency (daily, weekly, fortnightly and monthly) 10,000 individual datasets were
created by randomly selecting samples from the high-frequency data with the single constraint criterion
— samples need to represent unique days, weeks, fortnights or months respectively. We calculated the
relative errors e for each water quality parameter and determinand (TP, TRP, TURB, NO3-N, DOC and

COND) as Equation 2:

100(LF—HF)
=—%
HF

(Equation 2)

with an assumption that the high-frequency value HF (e.g. mean concentration or load) represents the
true value compared to the low-frequency value LF (Supplementary Tables ST2-7 and Supplementary

7
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Figures SF1-3). The c-q slopes were calculated by fitting a linear regression to the log-transformed
concentration and flow discharge data. To compare the differences in mean errors, concentrations and
c-g slopes between the catchments and determinands, a non-parametric analysis of variance was used
(Kruskal-Wallis test). To analyse the catchment controls (e.g. soil type and flashiness) on the c-q slopes
and interactions between different determinands, a multivariate non-parametric canonical redundancy
analysis (RDA) was performed (Bieroza and Heathwaite, 2015; Legendre and Legendre, 1998).
Spearman’s correlations p-values were corrected for multiple comparisons with a Bonferroni correction
(Holm, 1978) and for all analyses a uniform significance level of 0.05 was used. All data processing

and statistical analyses were carried out in MATLAB version 8.6 (R2015b).

Results

Concentration-discharge relationship for the high-frequency datasets

Comparison of the c-qg relationships from the two high-frequency datasets (HF1 and HF2) showed that
concentration effect (b>0) was predominant for both datasets with the exception of solutes: NOs-Nue1,
CONDue1 and TRPyg, all showing the dilution pattern (b<0; Figure 1). Three determinands (NO3-Nue1,
CONDuwue1 and TPre2) showed chemostatic behaviour (|b|<0.1) suggesting a predominant transport-
limitation mechanism (Basu et al., 2011). TPur1, TURBHra and TURBHr2 showed chemodynamic
behaviour (Jb[>0.1) and source-limitation mechanism (b=0.36, 0.27 and 0.32). Two solutes (NO3z-Nur2
and DOCug2) showed a step change from chemostatic (b=0.1 and 0.04) to chemodynamic behaviour
(b=0.28 and 0.25) at q=0.01 m3s* (Figure 1 and Table ST8). The c-q relationship for CONDye:1 showed
non-linear curvature with two linear slopes fitted: b=-0.06 for flows 0-10 m3s? and b=-0.26 for flows

>10m3s? (Table ST8).

The HF1 determinands (TP, TRP and TURB) showed a large scatter in the data due to seasonal and
storm-to-storm variation in the c-q behaviour and hysteretic responses (Bieroza and Heathwaite, 2015).
TP, TRP and TURB responded similarly in both study catchments, showing a concentration pattern.
Conversely, NOz-Nur1 and CONDwrr showed a weak dilution pattern, while NO3z-Nur2 and DOChrz
showed an overall concentration pattern in HF2. The TRP c-q pattern was the opposite to solutes in

8
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both datasets — a concentration pattern in HF1 similar to TP and TURB and a dilution pattern in HF2 in

contrast to both TP and TURB (Figure 1).
Uncertainty in water quality parameters estimated from the low-frequency datasets

To assess the uncertainty in derivation of water quality parameters from routine low-frequency
monitoring, the high-frequency datasets were resampled to simulate daily, weekly, fortnightly and
monthly sampling (Table 2). For all determinands, the mean and standard deviation of the resampled
datasets were consistent with the values derived from the high-frequency datasets (suggesting that the
errors were normally distributed), whereas the maximum gradually decreased with the sampling

frequency (Table 2).

In general, the uncertainty increased for all parameters and determinands with decreasing sampling
frequency (Tables ST2-7). The mean concentration, which is often used as an indicator of water quality
status, was underestimated by the low-frequency sampling for TP and TURB. The errors in the mean
TRP and NOs-N concentrations showed two patterns: underestimation or both under- and over-
estimation (Figures 2 and SF1-3). The lowest errors (<10%) were observed for NOs-Nur1 and CONDwes
and the largest for TURB and TP with the greatest underestimations of -441% TURBHr, -305%
TURBHF1, -288% TP, for the monthly datasets (Table ST2). Similar patterns were seen in the errors
in calculation of the 95" percentile (Table ST5), instantaneous load (Table ST6) and the c-g slopes
(Table ST7). The general trend was that determinands showing near-chemostatic c-q slopes (NOz-Nr,
CONDue1, TPur2 and TRPur2) had lower errors for all water quality parameters compared to the
determinands with the chemodynamic slopes (Figures 2 and SF1-3). From all determinands, TURB
showed the largest errors spanning three orders of magnitude for all low-frequency sampling

simulations. This shows that only sub-hourly sampling can accurately capture the SS dynamics.

The observation that uncertainty in the water quality parameters derived from the low-frequency data
is low for near-zero, chemostatic slopes (Jb|<0.1) and high for chemodynamic c-q slopes (Jb|>0.1) can
be tested by plotting the mean c-q slope and mean parameter estimation error from 10,000 Monte Carlo

simulations (Figure 3). The positive correlation (R?=0.52) indicates that errors are small (0-20%) for
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the low c-qg slopes and increase with the increasing c-g slopes. Solutes showed lower slopes and errors
and the highest values of slopes and errors were observed for both particulates and solutes. For the same
determinand, the slopes can be different between catchments suggesting that distribution of the delivery
pathways and catchment-specific processes play an important role in controlling the c-q relationship.
The high variation in the load estimation errors for similar values of the c-q slopes for TURBHey,
TURBHr2 and TPue2 can be seen in Figure 4. In contrast, NOs-Nuer and CONDwer showed very little
variation in the simulated c-g slopes and corresponding load estimation errors. The much wider range
of the observed c-g slopes for the HF2 dataset can be explained by a more flashy catchment character
compared to HF1 (Q5:Q95 237 to 74, Table 1). From all determinands, only the TRPwg2 showed a shift
from a strong dilution pattern (b=-0.5) and high load overestimation (up to 50%) to near-chemostatic

behaviour (b=-0.1) and small load estimation errors (10%, Figure 4).

Variation in the c-q relationship in the low-frequency datasets

To evaluate the variation in the c-q slopes for different determinands, we analysed available water
quality time series for selected agricultural catchments in the UK, Norway and Sweden (Tables 1 and
ST1). Mean concentrations (Table ST1) varied between determinands and countries (Figure 5). The
Norwegian and Swedish catchments showed higher TP and SS and lower TRP and NOs-N
concentrations compared to the UK catchments. These differences result from different dominant
geology and soil types: post-glacial clay geology and fine texture soils in the Norwegian and Swedish
catchments (Kyllmar et al., 2014) with a high risk of TP and SS losses and permeable sediments with
deep unsaturated zone in the UK catchments (Ascott et al., 2016) with a high risk of NOs-N and TRP

pollution (Bieroza et al., 2014).

Figure 6 shows the variation in the c-q slopes between determinands. TRP showed the largest variation
with the c-g slopes from b=-0.6 (strong dilution pattern) to b=0.5 (strong concentration pattern). Two
solutes, DOC and COND showed a typical chemostatic c-gq behaviour with near-zero slope b values (-
0.08 and 0.08 respectively) and a small variation in the c-q relationship. The SS concentrations showed

a predominant concentration pattern (mean b=0.40) with slopes changing between -0.1 and 0.9, while

10
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both TP and NOs-N exhibited a weak chemostatic/concentration pattern (mean b=0.12 and 0.18
respectively). For the TP concentrations, the predominant type of the c-q relationship measured as a
single slope b will depend on the relative contribution of particulate and dissolved fractions of P. This
effect can be seen in Figure 1; for HF1 both the TP and TRP show similar c-q slopes as the TRP/TP
ratio is 85% but for HF2 (TRP/TP ratio is 60%) the TP slope is almost the arithmetic mean of the SS
(TURB) and TRP slopes. This averaging of the particulate and solute c-q behaviour for the TP results

in near-chemostatic behaviour for analysed agricultural catchments.

To evaluate the effect of catchment properties (Table 1) and mean determinand concentrations (Table
ST1) on the observed c-q slopes, we conducted a redundancy analysis (Figure 7). The catchment
properties explained 57% of the variance in the c-g slopes of TRP, SS and NOs-N, with the brge
positively correlated with the first canonical axis and bss negatively and bnos- positively correlated with
the second canonical axis. No significant effects of the catchment area, percentage of the agricultural
land use or Strahler order were observed since our study explicitly focuses on low order, small
agricultural catchments. The first canonical axis discriminated between catchments with high TRP
concentrations and a predominant dilution c-q pattern (e.g. UK24) and low TRP concentrations, high
rainfall and a predominant concentration c-g pattern (e.g. NO5). The second canonical axis
discriminated between flashy, clay catchments with low NOs-N concentrations, chemostatic NOz-N and
SS c-q response and well-drained, groundwater-dominated catchments with high positive c-q slopes for
SS and negative c-q slopes for NOs-N (Figure 7). These results indicate that TRP and NOs-N saturation
effects, catchment soil type and flashiness provide a good explanation of the observed differences in

the c-g slopes between the catchments and determinands.

Robustness of the c-q relationship

To test the robustness of the c-q relationship we compared the slopes for high- and low-frequency
datasets, different sampling strategies and nonlinear and non-stationary c-g relationships - in general
there were no significant differences. There were no statistically significant differences in the c-q slopes

calculated independently from the high- (HF1 and HF2) and low-frequency (LF1 and LF2) datasets

11
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(Table ST1) despite much longer coverage of the low-frequency time series (HF1 2009-2015, LF1
1990-2015, HF2 2016-2017, LF2 1988-2016). There were no statistically significant differences
between c-q slopes for different sampling strategies: time- and flow-proportional sampling for the
Swedish catchments (Table ST1 and Figure SF4), despite both datasets only partially overlapping, e.g.
for SE1 time-proportional (grab) 1992-2010 and flow-proportional 2004-2017. There was a strong
linear relationship between the c-q slopes calculated from both datasets (R?=0.88, p<0.05) and the data

were generally grouped by the determinand (Figure SF4a) rather than the catchment (Figure SF4b).

We examined all datasets for the presence of nonlinear c-q relationships (as NOz-Nur2 and DOCr in
Figure 1), visually determined the inflection point and fitted two separate linear slopes for low (<
inflection point discharge) and high (> inflection point discharge) flows. Majority of the c-q
relationships (92%) showed single linear slopes with the exception of the datasets listed in Table ST8
that showed changes in the c-g slope at a given threshold value of flow. The differences between single
and dual slopes were significant for TP and SS but not for RP, NO3-N, DOC or COND (Table ST8).
The threshold value of flow discharge in nonlinear c-q relationships varied between determinands and
catchments but in general low flows showed lower c-g slopes than high flows. Both TP and RP showed
dilution pattern for low flows and strong concentration pattern for high flows, whereas SS slopes shifted
from a moderate to strong concentration pattern (Figure 8). The single c-q slope reflected the dominant

c-g relationship for TRP and SS and was the mean value of individual slopes for TP.

The c-q relationship can also be affected by non-stationarity in either c or g data e.g. due to the presence
of a linear trend in the long-term time series. To test this effect, we calculated linear trends for all high-
and low-frequency datasets (Table ST9) and expressed the slopes as an annual percentage trend (Figure
9). The mean annual trend varied from -2.2% for TRP to 0.4% for Q and TP and showed the largest
variation between the catchments for SS (8.5% SE2® and -17.9% NO4™®), TRP (16.7% SE7® and -
16.8% UKS5) and TP (10.5% SE7™ and -7.0% UK23). The high-frequency datasets showed higher
annual trends (e.g. Q HF1 -9.7% and HF2 8.3%) likely due to a shorter length of the time series
compared to the low-frequency, long-term datasets. To show the effect of significant linear trends with

more than 5% annual change on the c-q slopes, the datasets were split in half and the c-q slopes were
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calculated independently for each half (Figure SF5). There were no statistically significant differences
between the c-q slopes for TP, TRP and SS but the effect varied between the datasets and determinands
(Figure SF5). An example (Figure SF6) shows two time series with similar annual trends (-8.4% and -
7.8%) TRP (UK6) and NOs-N (NO4™), however the slopes were different only for TRP as indicated by
the dilution pattern (b=-0.16) in the first half and minor concentration pattern (b=0.09) in the second
half of the time series. For NOs-N in the catchment NO4, similar slopes were observed potentially due

to NOs-N saturation and consistent chemostatic response over time.

Discussion

c-g slope variation between determinands and catchments

Recent studies highlight that catchment size and dominant land use can be predictors of the variation in
concentrations (Abbott et al., 2018; Musolff et al., 2015) and the c-q relationship (Moatar et al., 2017).
They show that the variation in the concentrations and nutrient retention declines with the catchment
area for both solutes and particulates (Abbott et al., 2018; Cheng and Basu, 2017) and can lead to
universal homogenization of the hydrochemical responses downstream in the river network (Basu et
al., 2011; Creed et al., 2015). Adding to this homogenization, are the legacy stores of P and N in
agricultural soils and unsaturated zone controlling water quality in the long-term for both small (Ascott
et al., 2016; Bieroza et al., 2014; Dupas et al., 2016) and large catchments (Howden et al., 2010; Van
Meter et al., 2017). A recent study (Bieroza and Heathwaite, 2015) showed that a low-order agricultural
stream is a position in the stream network where both the hydrological and biogeochemical processes
operate jointly to control the c-q relationship leading to a dynamic equilibrium between the chemostatic

and chemodynamic responses.

This ongoing research, focusing on large (catchment size and land use) or small scale (storm flow and
meteorological controls) controls of the c-q relationship, suggest that headwater catchments (<3
Strahler order) are critical landscape positions where most of the stream flow and hydrochemical
signature of the stream network is generated. These headwater catchments are also the basic landscape
units of water quality management and critical areas for combating eutrophication and hypoxia through
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agri-environmental mitigation measures (Ockenden et al., 2017). Our study adds new evidence to this
ongoing work by analysing the variability in the c-q relationships for a range of determinands and small,

low-order agricultural catchments.

Our results (Figure 6) indicate homogenization of the c-q responses in intensively managed agricultural
catchments with many determinands showing typical chemostatic behaviour — a small range of
concentrations compared to flow variation. This indicates that despite a large catchment-to-catchment
variation in the c-q relationship, the net effect of agricultural management in headwater catchments on
stream chemistry is chemostatic. This averaging potentially results from two reasons. Firstly, solutes
(DOC, COND and NOs-N) surprisingly show a very narrow range of c-g slopes for catchments that
vary significantly in terms of bedrock, soil type, climate and hydrology. A tendency towards
chemostatic c-q relationship in the intensively managed catchments can be a result of agricultural land
use overriding the structural differences between catchments (soil, vegetation and topography) and
homogenization of hydrological responses (Basu et al., 2011). The long-term agricultural land use leads
to shortening of the flow pathways and residence time that will in turn affect many hydrological and
biogeochemical processes. Secondly, a large variation in the c-q slopes including both positive and
negative values observed between the catchments and determinands can lead to apparent averaging of
the c-g responses downstream the river network. This synchrony at the catchment level has been show
recently by Abbott et al. (2018) for two nested agricultural catchments. Our results confirm similar
effects for a large number of catchments with agricultural land use, varying in geology, climate and
soils. On the determinand level, the averaging effect can be exemplified by the c-q responses of RP
(dilution pattern) and SS (concentration pattern). These opposing effects result in the near-chemostatic
responses for the TP, when the contribution of particulate and soluble fractions of P is similar. Also,
some determinands and catchments show dual slopes for low and high flows with the opposing effect
on the c-g slopes e.g. dilution at low flows and concentration at high flows for TRP, leading to an overall

chemostatic c-q effect.

The general strong affinity towards certain c-q behaviour, also shown by Moatar et al. (2017) in the >50

km? catchments, was not observed for TRP and NOs-N c-q responses. For the catchments analysed in
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our study, subjected to diffuse pollution with no major point sources, with high concentrations the
typical response is dilution for TRP and chemostasis for NOs-N, whereas a concentration pattern is
observed for the catchments with lower concentrations (Figure 7). This links to the presence of the P
and N legacy stores in agricultural catchments due to excess fertilisation over a long time. The effect of
P and N saturation in agricultural catchments on the c-q relationship depends on the geology, soil type
and the flashiness. In permeable catchments with deep unsaturated zone and low flashiness, excess
NOs-N will gradually accumulate in the subsurface (Ascott et al., 2016; Howden et al., 2010; Van Meter
et al., 2017) and produce a chemostatic c-g response in the stream (Bieroza et al., 2014). In poorly-
drained clay catchments, due to shorter residence times in the subsurface excess NOs-N will be flushed
on a storm-to-storm basis leading to a concentration c-g response in the stream, as in HF2. The TRP
behaviour is more complex due to its transport duality — it can be transported both as a solute along the
subsurface flow pathways (Mellander et al., 2015) and sorbed to particulates and transported along the
surface flow pathways (Dupas et al., 2015). A concentration c-g pattern is typical for P derived from
diffuse agricultural sources but the presence of small rural point sources leads to a dilution pattern at
low flows (Withers et al., 2012). When both types of P sources are present, the c-g relationship is
nonlinear (Figure 8). The transient TRP storage (in bed sediments (Jarvie et al., 2005) or in the riparian
zone (Dupas et al., 2015) can also lead to nonlinear c-q relationship by introducing delays in stream

delivery and hysteretic c-q relationships (Bieroza and Heathwaite, 2015; Hoagland et al., 2017).

A growing body of research suggests that the c-q slope expresses the relative importance between
hydrological and biogeochemical controls (Basu et al., 2011; Thompson et al., 2011). Recent analysis
of storm events showed that the chemostatic c-q responses indicated the dominance of hydrological
controls and the chemodynamic c-q responses indicated the dominance of biogeochemical controls
(Bieroza and Heathwaite, 2015). The c-q slope encapsulates both the individual effects of
biogeochemical and hydrological process and their synergistic effects and thus represents the
catchment’s tendency to store and transport solutes and particulates. However, these processes are non-
stationary and future land management and climate change will modify their relative balance (Basu et

al., 2011). This combined effect on water quality can be difficult to predict due to positive and negative
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feedbacks between the effect of land management and climate change (Ockenden et al., 2017). We
suggest that the c-q slope can be a good measure of catchment’s response and resilience to future
change. Future land management is likely to reduce P and N concentrations in agricultural catchments,
alleviate the effects of P and N saturation and thus reduce the legacy effects on water quality while
increased rainfall can increase the flashiness of the catchments, also due to higher seasonal gradients in
flow conditions (Ockenden et al., 2017). Our results (Figure 7) suggest that this potential future change
scenario (lower NOsz-N and TRP concentrations, higher rainfall and flashiness) will shift the c-q
responses in agricultural catchments from chemostatic to chemodynamic (concentration). Apart from
being an indicator of these changes, higher c-q slopes will also mean a more dynamic c-q relationship

and a higher uncertainty in water quality parameters.

Errors in water quality parameters as a function of the c-q slopes

Previous work focused on the advantages and limitations of the high-frequency in situ monitoring in
comparison with the traditional low-frequency grab sampling (Bieroza et al., 2014; Cassidy and Jordan,
2011; Dupas et al., 2016; Floury et al., 2017). These studies showed how the gain in number of
observations due to high-frequency monitoring leads to improved load estimation compared to both
actual and re-sampled low-frequency time series, specifically for the flashy catchments and P and SS
concentrations (Cassidy and Jordan, 2011; Jordan and Cassidy, 2011; Rozemeijer et al., 2010). The load
estimation errors were also compared for determinands showing different stream transport mechanisms
— the chemodynamic c-q responses for P and chemostatic for NOs-N (Bieroza et al., 2014). The authors
concluded that the chemostatic c-q pattern resulted in much lower load estimation errors compared to
chemodynamic pattern for P and was driven by the groundwater legacy store of NOs-N. Here, we build
on this work and show the errors not only for loads but also for other parameters used in water quality
management: c-q slope, mean concentration used as an indicator of the water quality status e.g. for P in
the Water Framework Directive (Wade et al., 2012), the 95" percentile used to select water bodies at a

risk of pollution e.g. to designate Nitrate Vulnerable Zones.
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Similarly to previous studies, we showed that errors increase with decreasing sampling frequency, are
higher for particulates than solutes and are higher for determinands exhibiting chemodynamic c-q
behaviour, specifically the concentration pattern. The range of errors observed in our study
corresponded well with previous studies (Bieroza et al., 2014; Cassidy and Jordan, 2011), however by
not constraining the sampling to typical sampling regimes (e.g. from 9 to 5), we were able to estimate
the maximum possible errors. One of the main findings was that underestimation of parameters derived
from low-frequency sampling was more severe than overestimation. Most determinands and parameters
showed a maximum of one order of magnitude overestimations while the underestimations could reach
three orders of magnitude. This could be a serious limitation of the low-frequency sampling for
determinands showing highly dynamic flow responses e.g. SS and for flashy catchments with clay soils.
For these determinands and catchments, there is a critical need to conduct high-frequency water quality
measurements, particularly if those locations are also at high risk of failing to achieve good ecological
status. Another limitation could be the estimation of the 95" percentile from the low-frequency NOs-N
sampling for the catchments showing chemodynamic c-g responses e.g. HF2. In this case the potential
underestimation of the 95" percentile is up to two orders of magnitude (Table ST5) and could lead to

not designating the catchment as a Nitrate Vulnerable Zone.

The errors in the c-g slopes followed the same pattern as for the other parameters, low errors for
chemostatic and high errors for chemodynamic c-g slopes. However, the c-g slope errors reduced the
strength of the effect (e.g. from strong concentration to weak concentration effect) rather than
completely changed it (e.g. from the concentration to dilution). The uncertainty in the c-q slopes was
also reduced for longer time series. This means that for most of the available long-term water quality
time series, the c-q slope should adequately capture the catchment’s dominant behaviour in storing and
transporting chemicals. The c-q pattern for a given determinand persists even if the sampling changes
(e.g. from time- to flow-proportional) or the concentrations show a linear trend. Both cases should
however always be checked for potential errors due to differences between flow-proportional and grab
sample concentrations or averaging concentration and dilution patterns over time or for different flows

in time series exhibiting temporal trends.
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As our results show, the simple correlation between c-g slope and potential parameter estimation error
(Figure 3) should be analysed with caution. Determinands delivered from a number of different sources
or during different periods can exhibit different c-q patterns, therefore a good understanding of the main
delivery pathways and times when they are active is needed to understand when the errors are likely to
be high. Also, for the same determinand and the value of the c-q slope the errors can be enhanced by
catchment properties (Figure 3 TURBHr:) €.9. by the presence of fast delivery pathways as in the tile
drained clay catchments. For example, NOs-N showed highly chemostatic behaviour for HF1 likely due
to nitrate saturation in the unsaturated zone but a step change from chemostatic to chemodynamic
behaviour for HF2. For the clay catchment HF2, due to higher erosion risk, the load estimation errors
for TURB were much higher compared with the similar c-q slope for HF1. In special cases, when it is
evident from the visual inspection of the data that two different c-q relationships exist for different
flows, fitting separate linear regressions is needed. However, for many headwater catchments, the long-
term low-frequency datasets have too few samples to calculate statistically significant c-q slopes for
different flows, in contrast to high order streams and rivers (Moatar et al., 2017) where 2/3 of cases
showed dual slopes (in our study less than 8%). We found that single slopes capture well the dominant
c-q relationship for cases where samples were collected at all flows. If there is a bias in the sampling
e.g. towards low flows, measurements at high flows are needed to adequately represent the c-q
relationship, dominant sources and delivery pathways. This can be achieved either by targeting storms

with conventional sampling or by deploying in situ optical sensors (Bieroza et al., 2014).

c-g slope as a robust water quality management tool

Our study shows that the c-q slope is a robust descriptor of the catchment’s tendency to store and
transport chemicals, since similar slopes were observed for both HF and LF datasets and different
sampling strategies (time- vs flow-proportional). It can provide a rapid indication of the catchment’s
status and resilience towards a given chemical — if the chemical exhibits the chemostatic or negative c-
g slopes the catchment is likely to be saturated with that chemical, whereas if the chemical shows the
concentration pattern its delivery is likely to be transport-limited. In the latter case, appropriate

mitigation measures to intercept dominant delivery pathways and target critical source areas could help
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to reduce pollution. In the case of chemostatic solute behaviour, individual measures and short-term
solutions can be ineffective, as is often the case for the catchments failing to meet good water quality
status (Harris and Heathwaite, 2012). For these catchments, both long-term and large-scale mitigation
approaches are needed (Ockenden et al., 2017; Van Meter et al., 2017) that will require a good

cooperation between decision makers, farmers and scientists.

Many water quality monitoring programmes are facing financial cuts that will inevitably result in the
reduction of the sampling network. Water managers are therefore faced with critical questions: which
sampling locations to keep, which long-term time series to continue and how to optimise the sampling
to the local conditions. The c-q slope could help address many of these challenges. The optimal
sampling frequency required to capture the full range of particulate and solute behaviour depends on
their c-q slopes. For chemicals with a chemostatic c-q pattern (e.g. NOs-N and COND), low-frequency
sampling (weekly to monthly) for all flows is sufficient to capture the c-q dynamics and obtain accurate
estimates of water quality parameters. For chemicals with a dilution c-q pattern (e.g. TRP), daily to
weekly sampling is needed to adequately characterise low flow concentrations and target diffuse
sources at high flows. Finally, for chemicals with a concentration c-q pattern (e.g. TURB and SS but
also TP and NOs-N), it is critical to target individual storm events at hourly time step as there is a large
variation in the concentrations depending on distribution of the sources and hydrological connectivity.
When selecting the sampling locations which should be retained, a priority should be given to those
with a large variation in the c-q responses between determinands as indicative of the heterogeneous
sources and delivery pathways, with dual slopes and chemodynamic patterns. The latter locations are
more likely to be pivot points to the water quality in the stream network as they can experience large
variations in concentrations (up to three orders of magnitude) over short storm flows (Bieroza et al.,
2014). Dual c-q slope relationships (e.g. dilution at low flows and concentration at high flows) indicate
that different sampling regimes and different mitigation measures need to be considered for different
combinations of source and delivery pathways. For any water quality monitoring network, the
individual sampling points can be optimised depending on their dominant c-q patterns, in terms of

sampling frequency and flow conditions to be targeted.
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Changes in the c-g slope can also aid the location and subsequent evaluation of land management
interventions e.g. in the form of mitigation measures to reduce agricultural losses of P, SS and N. To
achieve the best environmental outcomes, the mitigation measures should be placed to intercept the
main sources and delivery pathways. This spatial targeting can be achieved with critical source areas
and critical pathways mapping (Abbott et al., 2018; Thomas et al., 2016) but also by evaluating the c-q
slopes as discussed above. Improvements in water quality in catchments with a dilution-concentration
P pattern are likely to be more difficult to achieve compared to uniform c-q patterns, and will require
targeting both low flow (septic tanks or riparian zone) and high flow (diffuse catchment or in-stream)
sources. The evaluation of the effectiveness of these mitigation measures can be achieved using c-q
slopes both in time (by comparing low and high flows or periods before and after implementation of
the measures) and space (by comparing locations upstream and downstream of the measures). This
critical evidence obtained with c-q slopes is needed both for water managers to comply with the
statutory requirements and the farming community to see that their efforts in building and maintaining

mitigation measures bring the desired environmental benefits.

Conclusions

The c-q slope is a single metric that expresses the catchment’s dominant tendency for storing and
transporting solutes and particulates, is easy to calculate from readily available hydrochemical datasets
and can be used to effectively guide water quality management. The c-g slope can be used to understand
solute and particulate behaviour across spatial (from stream reaches to stream networks and between
catchments) and temporal scales, and by this to extrapolate beyond single catchment process
understanding (Abbott et al., 2016). As it encapsulates information about dominant biogeochemical and
hydrological controls, the c-q slope is a good measure of current balance and future change in any of
the underlying processes, e.g. due to land management including mitigation measures or climate
change. Agricultural catchments analysed in our study had no major point sources and showed on
average strong chemostatic behaviour for TP and NO3-N due to long-term accumulation of agricultural

N and P in unsaturated zone and soils. Future reduction in P and N pollution, increased rainfall and
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flashiness in agricultural catchments are likely to shift this dominant chemostatic behaviour to
chemodynamic, concentration c-q responses to flow. For water managers, this shift will require a more
targeted approach to water quality monitoring, both in space and time, since the chemodynamic c-q
slopes have higher uncertainty in the diagnostic parameters derived from low-frequency sampling e.g.
loads, mean or 95™ percentile concentrations. To achieve the best outcomes, water management should
focus on catchments and determinands showing chemodynamic and dual slope c-q responses. The c-q
slope analysis combined with high-frequency monitoring using optical sensors and analysers can
provide an effective toolset to evaluate the effectiveness of management interventions. By focusing on
low-order agricultural catchments, we provide a critical understanding of the linkages between
hydrochemical functioning and eutrophication risks and translate this knowledge into operational

responses.
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Table 1 Study catchment characteristics including permeability (high H, moderate M and low L), soil texture,
Strahler order, mean rainfall and runoff flashiness (Jordan et al., 2005). Agricultural land use comprises arable,
horticulture and grassland land uses. Soil texture: clay (C), clay loam (CL), silt loam (SiL), loam (L), sandy loam
(SaL), sand (Sa), silt (Si), loamy sand (LSa), silty clay (SiC) (USDA, 1987). UK soil data were obtained from
the UK Soil Observatory Map Viewer (http://www.ukso.org/home.html), and flow data from the National River
Flow Archive (https://nrfa.ceh.ac.uk/). Catchment codes: HF — high-frequency dataset, LF — low-frequency
dataset, SE1-10 Swedish catchments, NO1-10 Norwegian catchments and UK1-42 UK catchments. Water
quality monitoring starting year is also given

Catchment | Are | Longitude | Perm Soil Agricultu | Strahler | Rainfall | Flashiness Water

a , latitude e- texture ral land order (mm) (Q5:Q95) quality
(km abilit use (%) monitoring

2 y from
HF1 (LF1) | 54.0 | -2.6,54.5 M| CL,SiL 85 3 9571 74 | 2009/1990
HF2 (LF2) | 74| 16.1,58.3 L C 54 2 594* 237 | 2017/1988
SE1 33.0] 17.1,59.6 M CL 59 2 623* 605 1992
SE2 16.3 | 14.9,585 H SaL 89 2 506* 279 1988
SE3 74| 16.1,58.3 L C 54 2 594* 237 1988
SE4 1.8 | 134,572 H LSa 70 2 1066* 103 1993
SE5 47| 185,57.7 H SaL 84 2 587* 372 1989
SE6 7.8 | 12.9,56.2 M C, SaL 86 2 719* 330 1988
SE7 83| 132,554 H SaL, L 93 2 709* 556 1992
SES8 139 | 13.3,56.7 M | SalL,SiL 85 2 886* 17 1996
SE9 7.6 | 127,584 L C 92 2 655* 214 1988
SE10 57| 16.1,59.2 L C 56 2 539* 605 1993
NO1 45| 10.8,59.6 H LSa 61 2 785% 38 1993
NO2 6.8 | 11.3,60.1 L SiC 65 3 665 42 1990
NO3 31| 10.7,60.8 L C 68 2 585% 17 1985
NO4 17| 10.7,59.3 L CL 62 1 829~ 10 2004
NO5 0.9 8.4,58.3 H Sa 48 2 1230% 8 1991
NO6 19.4 8.7,60.6 L SiC 80 3 892% 79 1992
NO7 29.3 5.7,59.9 L C 85 2 1180% 20 1995
NO8 1.0 5.6, 58.7 H LSa 88 1 1180% 7 1985
NO9 15| 147,672 H Sa 35 2 1020* 19 1994
NO10 1.7 9.0,61.1 H LSa 41 1 575* 11 1991
UK1 9.0 | -0.3,55.2 M CL 86 2 669* 80 2000
UK?2 572 | -0.3,54.0 H L 95 3 699* 12 2000
UK3 419 | -0.7,53.8 H SaL 87 2 690* 14 2000
UK4 470| -0.9,53.9 L CL 86 3 654* 39 2000
UK5 129 | -0.6,54.2 M L 90 2 735* 15 2000
UKG6 322 | -1.2,53.2 H SaL 77 2 668* 4 2000
UK7 46.2 | -0.1,53.1 L CL 86 3 655* 8 2000
UK8 55.2 0.0,53.4 H SaL 90 2 699* 9 2000
UK9 54.7 | -0.4,53.4 M CL 96 3 614* 46 2000
UK10 484 | -0.4,53.0 M L 87 2 601* 168 2000
UK11 50.5| -0.6,52.9 H SaL 88 3 656* 12 2000
UK12 51.3 -0.6, 52.8 H SalL 83 3 642* 41 2010
UK13 208 | -0.9,52.5 L C 90 3 648* 127 2000
UK14 223 | -0.5,52.7 M CL 71 3 616* 19 2000
UK15 58.3 | -0.7,52.4 M CL 74 3 634* 18 2000
UK16 388 | -0.6,51.9 M SaL 91 4 640* 53 2006
UK17 59.0 0.5,52.9 H Sa 90 2 688* 9 2000
UK18 28.3 1.0,52.5 H L 89 2 608* 26 2000
UK19 36.4 0.3,52.2 H SiL 90 2 565* 7 2000
UK20 47.7 0.5,52.8 H Sa 87 2 685* 5 2000



http://www.ukso.org/home.html
https://nrfa.ceh.ac.uk/

UK21 16.0 0.0,52.1 H SiL 70 2 561* 6 2000
UK22 59.8 1.5,52.8 H SiL 88 3 589* 65 2007
UK23 49.3 1.4,52.2 M SaL 81 2 631* 3 2000
UK24 54.9 0.9,52.0 M L 88 3 S597* 16 2010
UK25 53.9 0.7,52.1 M SiL 90 2 566* 10 2000
UK26 47.4 0.7,52.0 H SaL 91 3 589* 30 2000
UK27 58.6 0.5,52.0 H SaL 95 3 560* 38 2000
UK28 28.3 0.6,51.8 H L 94 3 589* 215 2000
UK29 60.7 0.0,51.7 L CL 83 2 572* 6 2000
UK30 38.4 0.2,51.8 L C 72 2 616> 88 2000
UK31 54.6 0.2,51.9 L CL 83 3 599* 44 2000
UK32 25.9 0.0,51.9 M SaL 73 2 609* 24 2013
UK33 504 | -1.3,514 H Sa 93 3 625* 36 2000
UK34 49.2 -1.7,51.4 H SaL 84 1 716* 8 2000
UK35 59.2 -1.9,51.7 H SaL 86 1 769* 129 2000
UK36 18.5 1.3,51.3 H SaL 77 2 702* 48 2000
UK37 37.7 -2.1,51.6 H SaL 87 1 723* 73 2000
UK38 28.2 -2.3,52.6 M CL 89 2 792* 53 2000
UK39 54.9 -2.5,52.8 M L 78 3 706> 17 2000
UK40 250 | -2.2,523 H Sa 92 2 677* 8 2000
UK41 534 | -24,52.38 M SaL 81 2 653* 12 2000
UK42 336 | -04,5138 M SaL 93 3 712* 13 2000

*1961-1990, ~1999-2014, ¥X1990-2015




Table 2 Resampled water quality datasets (mean number of samples N, mean concentration g, standard

deviation of the concentration 6 and maximum value Max) based on 10,000 Monte Carlo iterations

Parameter Sampling HF1 HF2
N H o Max N )i [ Max
TP (mgl?) HF 18 364 0.04 0.08 1.63 7024 0.28 0.12 1.40
Daily 764 0.04 0.08 0.99 144 0.27 0.11 0.88
Weekly 110 0.04 0.07 0.60 22 0.28 0.10 0.50
Fortnightly 55 0.04 0.07 0.42 11 0.28 0.09 0.42
Monthly 26 0.04 0.06 0.28 6 0.27 0.08 0.34
TRP (mgl?) HF 32 688 0.04 0.03 0.99 7024 0.16 0.06 0.34
Daily 997 0.03 0.03 0.43 144 0.16 0.06 0.33
Weekly 143 0.03 0.03 0.22 22 0.16 0.06 0.27
Fortnightly 71 0.03 0.03 0.17 11 0.16 0.06 0.25
Monthly 33 0.03 0.03 0.13 6 0.15 0.06 0.20
TURB (NTU) | HF 44 893 2.48 4.61 242.20 13 766 35.12 39.70 838.72
Daily 1209 2.36 4.89 94.30 185 34.75 38.14 314.57
Weekly 175 2.40 4.53 46.92 27 36.78 34.88 154.09
Fortnightly 87 2.38 4.19 33.15 14 35.65 32.37 113.07
Monthly 42 2.37 3.67 21.58 7 34.88 28.96 78.55
NOs-N (mgl?) | HF 36 779 2.33 0.47 7.46 13763 3.14 3.27 11.91
Daily 799 2.45 0.47 4.60 185 3.14 3.27 10.20
Weekly 115 2.46 0.47 3.75 27 3.29 3.07 9.87
Fortnightly 58 2.46 0.47 3.56 14 3.19 3.04 9.39
Monthly 27 2.46 0.46 3.38 7 3.12 2.93 6.99
COND/DOC | HF 42 890 425.03 69.50 | 1291.00 13 766 27.61 11.09 71.78
(uSmYmgl?) | Daily 1158 434.59 64.62 | 1042.65 185 27.53 11.06 61.72
Weekly 167 434.54 63.92 702.34 27 28.20 11.29 52.05
Fortnightly 83 434.68 63.22 623.59 14 27.46 11.09 47.71
Monthly 40 435.30 61.75 565.75 7 27.49 11.40 42.99
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Figure 1 Concentration-discharge (c-q) relationship for the two high-frequency datasets (HF1 top row and HF2
bottom row) including the following determinands TP, TRP, TURB, NO3s-N and COND/DOC (columns). Slope
of the c-q relationship b is given along with the p value. Both axes are in logarithmic scale
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Figure 2 Relative errors in mean (top row), 95™ percentile (second row), load estimation (third row) and c-q slope
(bottom row) for HF1 for TP, TRP, TURB, NO3-N and COND. The central red mark is the median, the edges of
the box are the 25" and 75" percentiles, the black whiskers extend to the most extreme data points. For better
clarity the figure does not contain outliers (given in Supplementary Figure SF1)
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Figure 3 Relationship between c-q slope b and mean relative error in load estimation based on the 10,000 Monte
Carlo simulation for all determinands in HF1 and HF2
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Figure 4 Daily load estimation errors (%) vs. c-q slope b based on 10,000 Monte Carlo simulations for two high-

frequency datasets (HF1 top row and HF2 bottom row). Mean slope b and load estimation error e are given
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Figure 5 Analysis of variance (Kruskal-Wallis one-way ANOVA) for the mean TP, TRP, SS and NO3z-N
concentrations per catchments’ location (UK, Norway NO and Sweden SE). The central red mark is the median,
the edges of the box are the 25" and 75" percentiles, the black whiskers extend to the most extreme data points
and outliers are plotted as red crosses. Mean values are given as numbers
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Figure 6 Analysis of variance (Kruskal-Wallis one-way ANOVA) for the c-q slopes per determinand (N=76).
The central red mark is the median, the edges of the box are the 25" and 75" percentiles, the black whiskers extend
to the most extreme data points and outliers are plotted as red crosses. Mean values are given as numbers above
boxplots
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Figure 7 The redundancy analysis distance biplot showing ordination of selected explanatory (Area — catchment
area, Arable — agricultural land use percentage, Permeability — 1 low, 2 moderate and 3 high, Q5:Q95 - the
flashiness index, Soils - soil texture 1 clay soils, 2 loam soils and 3 sand soils, Strahler order; Table 1) and response
variables (c-q slopes brre, bss and bnos-n). The length of explanatory vectors indicates strength of the relationship
with the scores of canonical axes. Distances among individual catchments (grey dots) are approximations of their
Euclidean distances. Projecting a catchment at the right angle onto the response vector approximates a value of
the c-q slope for that determinand. The angles between response and explanatory vectors indicate their correlation
(Legendre and Legendre, 1998)
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Figure 8 Analysis of variance (Kruskal-Wallis one-way ANOVA) for the c-q relationships showing step changes
(N=6) in slope values: single linear slope (Q<>) and two linear c-g slopes (Q< for flows lower than the threshold
value Q and Q> for flows higher than the threshold value Q). The data are also shown in Supplementary Table
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Figure 9 Analysis of variance (Kruskal-Wallis one-way ANOVA) for the annual linear trends per determinand
for the flow and water quality datasets (N=76). The data are also shown in Supplementary Table ST9. The central
red mark is the median, the edges of the box are the 251" and 75" percentiles, the black whiskers extend to the
most extreme data points and outliers are plotted as red crosses. Mean values are given as humbers
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Supplementary Table ST1 Water chemistry in the study catchments: N number of measurements, # mean, é standard deviation and c-q slopes b. Slopes which are not

significant at 0.05 level are marked with strikethrough. Flow-proportional sampling results are marked with

TP (mgl?) RP (mgl?) SS (mgl?) NOs-N (mgl?) DOC/COND (mgl-*/uSm™)
N U 0 b N H o b N U o b N U o b N U o b
HF1 18.3k 0.04 0.08 0.36 | 32.6k | 0.04 0.03 0.24 | 44.9k 2.48 4.61 0.32 | 36.8k | 2.33 0.47 | -0.04 | 42.9k | 425.0 69.5 | -0.07
LF1 314 0.07 0.08 0.29 565 0.06 0.14 0.17 435 6.3 12.5 0.35 561 2.96 1.10 0.01 91 | 551.1 70.5 | -0.05
HF2 7024 0.28 0.12 0.09 | 7024 0.16 0.06 | -0.13 | 13.8k | 35.12 39.7 0.27 | 13.8k | 3.14 3.27 0.42 | 13.8k | 27.61 | 11.09 0.11
LF2 905 | 0.28 | 0.18 | -0.09 903 | 0.16| 0.13| -0.22 877 | 69.80 | 87.40 | 0.36 898 | 282 | 255| 0.30 605 | 13.33 | 572 | 0.06
SE1 544 | 0.10| 0.09| 0.11 537 | 0.04| 0.03| 601 518 | 44.18 | 80.96 | 0.44 553 | 1.58 123 | 0.32 520 | 9.87 | 4.61| 0.05
SE2 698 0.08 0.10 | -0.07 519 0.04 0.07 0:00 562 | 10.20 | 21.42 0.09 676 6.01 4.48 0.62 541 | 13.53 | 14.38 | -0.16
SE3 905 0.28 0.18 | -0.09 903 0.16 0.13 | -0.22 877 | 69.80 | 87.40 0.36 898 2.82 2.55 0.30 605 | 13.33 5.72 0.06
SE4 569 | 0.09 | 0.06| 606 526 | 0.02 | 0.01| 0.03 539 | 12.23 | 9.43 | 0.07 570 | 3.31 1.07 | -0.13 569 | 1855 | 7.87 | 0.15
SE5 570 0.11 0.17 0.03 324 0.07 0.16 | 6065 523 8.38 | 15.88 0.04 559 4.87 5.03 0.74 514 8.67 519 | 0600
SE6 693 | 0.16 | 0.14| 0.06 461 | 0.06 | 0.04 | -0.07 649 | 34.92 | 63.01 | 0.34 694 | 6.38| 288 | 0.08 549 | 9.78 | 5.17 | 0.07
SE7 705 0.37 054 | -0.33 547 0.23 0.38 | -0.43 611 | 14.72 | 31.31 0.04 702 8.64 3.01 0.03 579 | 12.61 7.90 0.01
SES8 490 0.06 0.07 0.42 448 0.01 0.02 0.25 471 | 17.56 | 30.64 0.53 493 8.15 1.83 0.06 493 7.90 2.65 0.20
SE9 994 | 0.23| 0.22 | -0.05 923 | 012 | 0.12| -0.16 911 | 37.71 | 1025 | 0.34 992 | 339 | 268 | 0.44 324 | 933 | 6.05| 0604
SE10 596 0.20 0.21 0.30 303 0.05 0.05 0.21 593 | 53.27 | 105.6 0.29 596 1.54 1.43 0.34 592 | 11.89 6.42 0.11
SE1f 296 | 0.16 | 0.10| 0.15 289 | 0.04| 0.02| 0.06 284 | 93.53 | 97.03 | 0.32 297 1.81 1.08 | 0.17 295 | 10.01 | 4.28 | 0.05
SE2" 320 0.07 0.08 | -0.07 317 0.03 0.05| 0682 298 | 17.60 | 18.80 | -0.09 320 5.89 3.29 0.31 319 | 15.84 3.47 | 609
SE3fp 212 0.34 0.16 | -0.09 212 0.16 0.12 | -0.19 211 | 1175 | 100.9 0.15 209 2.95 2.07 0.19 211 | 13.14 | 487 | 0602
SE4 ™ 297 0.14 0.16 | -0.06 297 0.03 0.02 002 294 | 28.32 | 48.48 | -0.10 297 2.52 0.67 | -0.08 297 | 20.42 8.69 0.05
SE5™ 256 0.25 0.27 | -0.15 256 0.17 0.18 | -0.15 250 | 21.29 | 29.26 | -6.06 254 6.42 5.48 0.40 255 7.93 577 | 600
SEG 306 | 0.18 | 0.15| 0.08 304 | 006 | 0.03| 0661 301 | 59.62 | 52.62 | 0.30 305 | 4.74 147 | 0.04 305| 871| 356 | 0.09
SE7™ 253 0.27 0.25 | -0.25 253 0.15 0.15| -0.28 243 | 31.19 | 59.84 | -0.11 253 6.81 2.37 0.07 253 | 10.44 3.10 | -0.02
SE8™ 311 | 0.10| 0.08| 0.12 310 | 0.02| 0.01]| 0.22 310 | 31.06 | 25.91 | 0.19 312 | 7.13 1.25| 0.04 312 | 785| 265| 0.16
SEQfp 290 | 033 | 0.27| 0.19 287 | 0.08| 0.05| 601 280 | 255.0 | 334.7 | 0.41 289 | 290 | 301| 0.18 286 | 10.05 | 7.04 | 0.19
SE10 184 0.22 0.15 0.17 183 0.05 0.02 0.05 182 | 138.8 | 178.4 0.34 184 1.69 1.50 0.27 184 | 11.60 | 4.68 0.11
NO1fP 491 0.21 0.19 0.33 490 0.04 0.06 0.17 492 | 91.23 | 164.6 059 | - - - - - - =




NO2 395| 050| 049 | 0.27 396 | 0.06 | 0.06 | -0.09 396 | 297.4 | 4134 | 0.54 396 | 346 | 1.90 | -0.08 - - - s
NO3 661 | 0.08| 0.13| 0.37 654 | 0.03] 0.03] 0.21 661 | 21.00 | 53.54 | 0.56 661 | 7.80| 3.53| 0.04 - - - s
NO4 111 043 | 039 | -0.13 111 | 0.24| 0.23 | -0.22 111 | 46.32 | 81.56 | 683 111 | 9.03 | 473 | 664 - - - =
NO5 450 | 026 | 034 | 0.74 421 | 0.05]| 0.03| 0.37 450 | 52.26 | 92.91 | 0.89 448 | 417 | 224 | 0.23 - - - s
NOG6 586 | 026 | 027 | 0.21 204 | 0.08| 0.09 | -0.09 583 | 149.4 | 260.6 | 0.54 586 | 348 | 225| 0.05 - - - s
NO7 542 0.15]| 0.11 ] -002 207 | 0.05| 0.05| o%2 335 1118 | 9.95| 0.17 536 | 352 | 117 | 0.15 - - - =
NO8g P 432 | 016 | 0.14| 0.05 432 | 0.06 | 0.05]| 0.15 432 | 11.39 | 17.39 | 660 429 | 475 111 | -B64 - - - s
NO9 576 | 0.11] 0.09| 0.15 576 | 0.06| 0.06| 0.14 576 | 19.53 | 25.07 | 0.53 576 | 038 | 0.28 | -883 - - - s
NO10™ 501 | 0.07| 0.15| 0.26 501 0.03| 0.10| 682 498 | 20.57 | 46.21 | 0.38 501 | 258 | 1.13] 0.12 - - - >
UK1 = 139 | 0.17| 011 -0.26 96 | 12.03 | 1551 | 0.36 141 3.01| 2.00| 0.38 65 | 888.9 | 460.5 | -0:03
UK2 22| 003 | 0.03| -618 173 | 0.05| 017 | 0.27 173 | 11.17 | 1541 | 008 174 | 1063 | 1.27 | 0.06 123 | 6153 | 108.2 | 000
UK3 = 205| 007 ] 017 | od2 166 | 11.93 | 22.69 | 0.77 209 | 11.71 ] 2.09| 0.0 159 | 7243 | 132.3 | 603
UK4 = 127 | 013 | 0.26 | -0.41 172 470 | 394 | 0.24 127 | 938 | 2.06 | 0.07 42 | 690.8 | 96.36 | -6:6%
UKS = 50| 0.02]| 0.01| 004 - - = 50| 957 ] 091 ] -6683 54 | 665.8 | 4959 | 0.04
UKG6 21| 010] 0.02| 624 210 | 0.13| 0.09 | -0.08 129 7.11| 353 | 660 178 | 14.44 | 150 | 669 114 | 1770 | 4295 | -0.12
UK7 = 89| 046 | 0.12 | -0.10 5| 500| 212 | 632 54 | 11.27 | 158 | 003 - - =
UKS8 = 189 | 0.04| 0.02 | -0.21 142 | 9.52 | 12.18 | 0.55 152 | 1064 | 155| 0.13 138 | 570.8 | 1104 | 005
UK9 = 210 | 043 ] 0.35]| -0:04 168 | 18.64 | 27.97 | 0.33 139 | 847 | 232 | 0.04 166 | 735.5 | 89.29 | -0:0%
UK10 = 71| 068 | 056 | -0.36 - - = 104 | 1399 | 6.71| 0.27 49 | 1088 | 248.9 | -0.07
UK11 206 | 0.03| 0.02| 0.09 207 | 0.02| 0.01| 609 165 | 555| 1162 | 0.21 184 | 10.30 | 2.40 | 0.27 158 | 670.7 | 64.62 | -0.03
UK12 = 176 | 036 | 0.25| -0.42 142 |1 10.19 | 22.93 | 0.34 152 | 12.09 | 297 | 661 126 | 970.6 | 184.2 | -0.12
UK13 = 164 | 0.27| 031 | -041 - - = 110 | 437 | 3.67| 0.58 122 | 764.5 | 1419 | -0.07
UK14 = 79 ] 002| 0.01| 006 - - - 79 695| 225| 0.27 79| 7311 ] 2829 | 0.03
UK15 = 140 | 0.20| 0.13 | -0.34 64 | 20.74 | 51.07 | 0.44 88| 548 | 270 | 0.34 156 | 758.6 | 117.3 | -0.05
UK16 46| 021| 0.17 | 628 224 | 0.10| 0.08 | o090 - - = 164 | 571 | 3.86| 0.50 155 | 782.1 | 78.08 | -0.05
UK17 = 172 | 0.03| 0.01 | 008 167 | 6.13| 8.14| 666 142 |1 1248 | 091 | 0.10 124 | 751.5 | 62.50 | -0:0%
UK18 = 90| 0.66| 0.46 | -0.63 - - = 63| 9.67 | 225| 004 44 | 895.3 | 84.03 | -0:6%
UK19 = 118 | 038 | 0.18 | -0.38 - - - 82| 1401 | 0.66 | 0.05 93| 747.0 ] 29.85 | 0.06
UK20 = 141 | 0.03| 0.01| o4 169 | 755| 387 | 042 178 | 11.38 | 0.65| 0.07 941 691.2 | 98.08 | 0600
UK21 = 182 | 202 | 170 | -6:20 115 | 19.70 | 18.07 | 6089 146 | 16.06 | 3.37 | 004 131 | 1332 | 3240 | -0.14
UK22 217 | 0.06| 0.03| 0.53 187 | 0.03| 0.01| 0606 331 | 6.82| 513 | 1.16 151 | 337 | 0.72| 0.40 225 | 814.2 | 50.73 | -0.05
UK23 927 | 062| 119| 029] 1015| 0.27 | 0.13| 66¢ 926 | 58.56 | 144.2 | 0.90 978 | 1083 | 3.05| 0.03 67 | 1043 | 122.6 | -0.12




UK24 - - 169 | 0.27| 013 | -0.34 168 | 9.30 | 11.18 | 0.73 140 | 793 | 204 | 0.14 155 | 817.4 | 55.76 | -0.02
UK25 - - 101 | 012 | 0.12 | -602 - - = 65| 6.87 ] 465| 041 52 | 851.0 | 73.76 | -0.06
UK26 - - 134 | 0.07 | 0.04| 0.08 - - = 98| 590 | 3.76| 0.37 113 | 840.7 | 70.57 | -0.04
UK27 - - 142 | 130 | 132 | -0.68 - - = 103 | 10.82 | 6.20 | 005 100 | 936.8 | 188.9 | -0.10
UK28 - - 188 | 055 | 0.27 | -0.36 141 | 1475 ] 3526 | 1.19 152 | 1061 | 174 | -0.11 151 | 986.9 | 1504 | -0.22
UK29 - - 176 | 051 | 0.35| -0.38 721340 ] 2519 | 0.55 140 | 740 | 396 | 004 82 | 832.7 | 1946 | 082
UK30 - - 138 | 056 | 0.35| -0.55 123 | 13.67 | 13.64 | 0.18 102 | 710] 3.74| 0.29 44 | 819.1 | 1254 | -0:02
UK31 - - 122 | 0.08| 0.16 | 006 61374 | 589 | 0662 85| 563| 219 | 0.14 18 | 734.8 | 130.8 | -6-89
UK32 - - 209 | 0.07| 0.05]| 047 168 | 6.80 | 15.78 | 0.29 173 | 994 | 210| 0.11 115 | 7434 | 37.60 | -0.03
UK33 - - - = - - = 106 | 870 | 160 | 0.22 18 | 668.1 | 26.04 | 0.03
UK34 20| 0.03] 0.01 92| 0.05] 0.05| 0.26 20| 364 | 086 | 064 92 794 | 056 | 0.02 17 | 606.8 | 23.77 | 0.03
UK35 - - 114 | 002 | 0.01| 06090 160 | 5.19 | 546 | 003 85| 887 ] 119| 0.07 28 | 543.9 | 93.23 | -0:02
UK36 - - 134 | 023 | 033 | 016 - - = 107 | 722 | 377 | 636 - - -

UK37 - - 167 | 020 | 0.15| -0.42 159 | 1154 | 18.13 | 0.40 202 | 652 321| 0.25 89 | 777.1 | 2233 | -0.17
UK38 - - 161 | 0.09| 010 0.29 175 | 11.15 ] 12.79 | 0.69 161 | 855 | 171 | -0:02 68 | 7359 | 1076 | -0.11
UK39 - - 84| 0.09] 0.10]| -602 60 | 1258 | 12.96 | 637 84| 790| 193 | 0.18 80 | 586.1 | 53.22 | 6082
UK40 - - - = - - = 104 | 9.04 | 196 ]| -0.19 48 | 813.9 | 1494 | -0.18
UK41 - - 144 | 039 | 0.21| -0.35 6| 891 | 883 | 0.88 106 | 10.15| 159 | -0.05 51| 6454 | 1206 | -0.21
UK42 - - 151 ] 0.01| 0.01| 032 141 3.84| 045| 0.15 152 | 047 ] 031 ] 6863 95| 1544 | 4760 | -0.24




Supplementary Table ST2 Relative error (mean g, standard deviation 4, minimum Min and maximum Max) in
mean concentrations estimated from resampled water quality datasets based on 10,000 Monte Carlo iterations

Determinand | Sampling HF1 HF2
U o Min Max Y7} 0 Min Max
TP (mglY) Daily 0.2 3.7 -16.5 12.1 0.7 3.2 -9.6 10.4
Weekly 0.3 14.7 -73.7 35.7 0.1 10.1 | -63.5 22.2
Fortnightly 0.3 23.0 | -113.7 47.4 -0.1 16.7 | -116.2 28.2
Monthly 1.9 344 | -254.8 59.7 3.2 26.1 | -288.1 42.0
TRP (mgl?) Daily 6.6 1.6 -0.5 11.4 0.5 2.1 -1.7 8.6
Weekly 6.2 5.5 -25.9 21.4 2.0 6.3| -21.1 25.0
Fortnightly 6.2 8.4 -50.0 30.3 -0.3 104 | -42.3 34.5
Monthly 6.6 13.0 -99.4 45.9 5.9 19.7 | -55.3 74.8
TURB (NTU) | Daily 4.6 4.2 -19.3 17.1 1.1 59| -28.6 15.7
Weekly 3.2 14.3 -87.0 34.0 -4.7 19.3 | -156.2 30.6
Fortnightly 3.7 20.4 | -185.7 39.1 -1.5 29.6 | -250.3 44.0
Monthly 4.2 30.4 | -304.8 47.3 0.7 45.1 | -440.9 54.6
NOs-N (mgl?) | Daily -5.4 0.3 -6.5 -4.4 -0.1 2.4 -8.2 7.5
Weekly -5.5 1.3 -11.3 -0.8 -4.7 145 | -58.2 22.4
Fortnightly -5.6 2.0 -13.7 2.7 -1.6 22.3 | -85.9 36.9
Monthly -5.7 3.2 -21.4 11.1 0.6 34.2 | -304.6 48.7
COND/DOC Daily -2.3 0.2 -2.9 -1.6 0.3 0.9 -2.8 4.2
(uSm/mglt) | Weekly -2.2 0.8 -6.0 0.9 -2.2 46| -20.3 13.8
Fortnightly -2.3 1.3 -7.5 2.7 0.5 85| -31.9 27.3
Monthly -2.4 2.0 -11.1 7.0 0.4 125 | -515 32.2




Supplementary Table ST3 Relative error (mean g, standard deviation 4, minimum Min and maximum Max) in
standard deviation of the concentrations estimated from resampled water quality datasets based on 10,000
Monte Carlo iterations

Determinand | Sampling HF1 HF2
u o Min Max H o Min Max
TP (mgl™Y) Daily 0.9 12.0 -50.0 | 275 3.6 249 | -63.3 47.2
Weekly 7.0 37.0 -181.4 | 746 17.8 46.5 | -208.5 76.8
Fortnightly 13.8 51.5 -275.9 | 823 21.9 57.8 | -357.1 91.5
Monthly 23.9 63.0 -386.0 | 90.5 28.0 72.1 | -649.7 100.0
TRP (mgl?) Daily 45 13.9 -714 | 26.2 -0.3 51| -183 17.9
Weekly 7.4 28.9 -216.2 | 437 5.7 18.0 | -54.3 66.7
Fortnightly 9.4 35.8 -296.4 | 534 3.8 285 | -95.6 86.6
Monthly 13.8 42.4 -466.6 | 67.7 7.2 53.4 | -217.0 100.0
TURB (NTU) | Daily -6.0 21.7 -134.1 | 46.6 3.9 23.9 | -133.7 46.8
Weekly 1.6 52.9 -341.2 | 749 12.1 46.4 | -373.1 71.9
Fortnightly 9.2 62.2 -573.9 | 81.1 18.5 58.0 | -521.6 82.3
Monthly 20.4 75.6 -771.7 | 86.0 27.1 69.3 | -815.3 90.9
NOs-N (mgl?) | Daily -1.0 2.9 -12.9 8.5 0.0 71| -23.4 18.0
Weekly -0.8 10.3 -54.2 | 26.0 6.2 31.5| -90.0 42.6
Fortnightly -0.5 15.1 -94.1 36.3 7.2 42.4 | -156.6 52.7
Monthly 1.0 22.0 -147.2 | 48.6 10.3 53.4 | -299.4 66.6
COND/DOC | Daily 7.0 3.0 26| 163 0.3 2.7 -9.3 9.0
(uSm/mglt) | Weekly 8.0 12.5 -47.3 | 38.4 -1.8 104 | -40.9 35.6
Fortnightly 9.0 18.3 -83.5 | 50.6 0.0 193 | -755 61.7
Monthly 11.2 26.2 -138.7 | 69.1 -2.8 29.7 | -127.0 72.8




Supplementary Table ST4 Relative error (mean g, standard deviation 4, minimum Min and maximum Max) in
maximum concentrations estimated from resampled water quality datasets based on 10,000 Monte Carlo
iterations. Minimum error is 0 in all cases as at least one of the resampled datasets contains the absolute
maximum value

Determinand | Sampling HF1 HF2
H o Min Max H 0 Min Max
TP (mgl?) Daily 39.2 17.6 0.0 61.5 37.3 20.9 0.0 70.7
Weekly 63.5 17.1 0.0 945 64.6 15.0 0.0 80.7
Fortnightly 74.1 17.7 0.0 96.6 70.2 12.4 0.0 82.9
Monthly 83.0 15.3 0.0 97.7 75.6 10.1 0.0 88.6
TRP (mgl?) Daily 56.0 20.2 0.0 83.7 2.7 2.8 0.0 11.8
Weekly 78.0 13.3 0.0 91.7 19.7 12.9 0.0 50.0
Fortnightly 82.6 11.0 0.0 93.8 27.7 13.1 0.0 55.9
Monthly 86.8 8.4 0.0 95.7 40.6 17.0 0.0 85.3
TURB (NTU) | Daily 61.1 14.7 0.0 89.6 62.5 15.0 0.0 87.4
Weekly 80.6 13.1 0.0 97.6 81.6 11.1 0.0 94.8
Fortnightly 86.3 10.8 0.0 98.3 86.5 9.5 0.0 96.5
Monthly 91.1 9.3 0.0 98.8 90.6 7.7 0.0 97.2
NOs-N (mgl?) | Daily 38.3 13.6 0.0 52.4 13.0 10.8 0.0 39.8
Weekly 49.8 7.5 0.0 58.3 59.2 21.7 0.0 79.5
Fortnightly 52.3 6.4 0.0 60.1 67.9 18.7 0.0 86.8
Monthly 54.7 5.5 0.0 62.9 76.1 14.9 0.0 90.0
COND/DOC Daily 19.2 12.8 0.0 54.1 14.0 8.5 0.0 29.9
(uSm/mglt) | Weekly 45.6 13.8 0.0 61.7 27.5 7.8 0.0 49.2
Fortnightly 51.7 11.9 0.0 62.5 33.5 9.3 0.0 57.7
Monthly 56.2 9.8 0.0 63.5 40.1 10.5 0.0 66.0




Supplementary Table ST5 Relative error (mean g, standard deviation 4, minimum Min and maximum Max) in
95t percentile of the concentrations estimated from resampled water quality datasets based on 10,000 Monte
Carlo iterations

Determinand | Sampling HF1 HF2
/] o Min Max H o Min Max
TP (mgl™Y) Daily 0.0 6.0 -30.8 | 18.7 -2.7 6.3 | -475 16.1
Weekly -3.8 24.7 -272.3 | 449 -14.5 449 | -221.0 35.8
Fortnightly -10.8 47.9 -461.0 | 55.3 0.6 414 | -233.1 42.9
Monthly -35.6 94.9 -885.1 | 72.1 18.8 33.7 | -233.1 61.9
TRP (mgl?) Daily 7.9 2.7 -5.6 | 18.0 -1.8 82| -21.7 16.6
Weekly 6.0 10.1 -495 | 35.7 1.1 146 | -25.2 37.0
Fortnightly 5.8 15.0 -132.0 | 43.8 9.0 165 | -25.9 44.4
Monthly 4.5 26.0 -301.8 | 53.9 25.2 215 | -25.9 81.5
TURB (NTU) | Daily -0.6 5.9 -34.4 | 15.8 1.1 111 | -76.8 29.2
Weekly -5.9 22.6 -2035 | 354 -22.0 52.2 | -533.7 54.4
Fortnightly -11.8 39.1 -4289 | 46.8 -18.6 81.8 | -765.3 68.4
Monthly -27.3 756 | -1375.8 | 61.4 15.7 69.5 | -799.7 74.5
NOs-N (mgl?) | Daily -2.9 0.5 -5.2 -0.9 0.8 44| -12.6 15.6
Weekly -2.9 1.9 -16.4 3.0 -18.0 37.2 | -141.9 31.0
Fortnightly -3.1 3.2 -30.6 5.8 -21.8 68.9 | -272.5 49.0
Monthly -3.6 5.9 -64.0 | 10.6 7.5 57.7 | -286.6 61.4
COND/DOC | Daily -0.9 0.3 -2.3 0.0 0.3 1.8 -4.7 7.3
(uSm/mglt) | Weekly -0.9 1.1 9.1 1.9 0.7 77| -2715 26.6
Fortnightly -1.1 1.8 -16.4 3.2 3.8 132 | -44.2 39.0
Monthly -1.7 3.6 -38.0 4.1 12.7 154 | -45.8 50.5




Supplementary Table ST6 Relative error (mean g, standard deviation 4, minimum Min and maximum Max) in
load estimated from resampled water quality datasets based on 10,000 Monte Carlo iterations

Determinand | Sampling HF1 HF2
U o Min Max Y7} 0 Min Max
TP (mglY) Daily 1.3 18.4 -62.9 435 9.4 34.4 | -167.5 51.3
Weekly 10.1 41.2 | -196.0 76.1 26.1 30.6 | -236.0 64.0
Fortnightly 17.0 48.0 | -266.7 80.7 29.1 30.0 | -236.0 64.0
Monthly 25.7 53.1| -464.4 88.9 32.6 28.8 | -236.0 64.0
TRP (mgl?) Daily -2.3 12.0 -46.3 26.8 -3.1 141 | -86.8 68.0
Weekly 3.4 289 | -1354 48.2 -11.9 28.6 | -153.0 91.2
Fortnightly 7.9 33.6 | -162.6 55.6 -19.0 38.7 | -153.0 92.6
Monthly 14.7 37.0| -196.8 69.5 -17.0 456 | -153.0 92.6
TURB (NTU) | Daily -4.3 22.7| -121.9 51.8 12.6 445 | -206.7 72.8
Weekly 2.4 66.6 | -556.1 78.3 40.6 449 | -307.3 96.8
Fortnightly 9.8 80.8 | -1051.6 83.4 52.4 41.7 | -509.3 96.2
Monthly 22.6 98.0 | -1642.3 87.4 60.1 38.8 | -313.9 97.3
NOs-N (mgl?) | Daily -4.1 3.1 -14.7 9.1 0.0 175 | -131.8 47.3
Weekly -4.7 7.9 -40.0 38.8 7.3 38.3 | -359.5 96.6
Fortnightly -5.0 10.0 -45.1 55.6 17.6 51.9 | -414.7 117.3
Monthly -5.3 11.7 -66.4 64.5 29.4 56.8 | -414.7 117.3
COND/DOC Daily -1.0 4.1 -13.3 12.1 3.2 104 | -39.9 40.9
(uSm™*/mgl?) | Weekly -4.0 11.3 -28.4 33.7 14.2 194 | -62.1 81.3
Fortnightly -6.6 13.9 -34.7 42.4 23.9 23.8| -635 81.3
Monthly -10.0 15.9 -41.7 50.3 29.3 25.1| -635 81.3




Supplementary Table ST7 c-q slope calculation (mean g, standard deviation , minimum Min and maximum

Max) from resampled water quality datasets based on 10,000 Monte Carlo iterations

Determinand | Sampling HF1 HF2

U o Min Max H o Min Max
TP (mglY) HF 0.36 0.09
LF 0.29 -0.09

Daily 0.36 0.01 0.30 0.40 0.17 0.05| -0.24 0.42

Weekly 0.35 0.05 0.15 0.55 0.18 032 | -0.17 0.78

Fortnightly 0.36 0.07 0.17 0.69 0.12 0.33 | -0.25 0.81

Monthly 0.42 0.10 0.19 1.03 0.20 0.34 | -0.14 0.58
TRP (mgl?) HF 0.24 -0.13
LF 0.17 -0.20

Daily 0.26 0.01 0.22 0.29 -0.20 0.08 | -0.81 -0.08

Weekly 0.26 0.03 0.13 0.41 -0.25 0.48 | -0.42 0.52

Fortnightly 0.27 0.05 0.13 0.52 -0.27 0.76 | -0.16 0.93

Monthly 0.31 0.07 0.16 0.61 1.99 0.95| -0.92 1.63
TURB (NTU) | HF 0.32 0.27
LF 0.35 0.36

Daily 0.35 0.01 0.31 0.41 0.27 0.04 0.09 0.43

Weekly 0.35 0.05 0.19 0.54 0.31 0.12 | -0.24 0.94

Fortnightly 0.35 0.07 0.13 0.61 0.33 0.15 | -0.64 0.61

Monthly 0.36 0.10 0.14 0.81 0.30 0.17 | -0.75 0.58
NOs-N (mgl?) | HF -0.04 0.42
LF 0.01 0.30

Daily -0.04 0.01| -0.08 -0.02 0.42 0.05 0.27 0.74

Weekly -0.07 0.03| -0.26 0.05 0.49 0.16 0.08 0.49

Fortnightly -0.10 0.06 | -0.46 0.09 0.55 0.31 0.02 0.75

Monthly -0.11 012 | -0.85 0.32 0.54 0.28 0.12 1.37
COND/DOC HF -0.07 0.11
(uSmYmglY) | LF -0.05 0.06

Daily -0.06 0.00 | -0.07 -0.04 0.11 0.02 0.05 0.20

Weekly -0.06 0.01| -0.10 -0.02 0.15 0.08 | -0.08 1.07

Fortnightly -0.06 002 | -0.12 -0.02 0.17 0.29 | -0.40 0.37

Monthly -0.07 0.02| -0.19 0.03 0.20 0.24 | -0.02 0.63




Supplementary Table ST8 Comparison between single linear (c-qo<>) and two linear c-q slopes (c-qo< for flows
lower than the threshold value Q and c-qo> for flows higher than the threshold value Q) for time series showing
step changes in the c-q relationship. Slopes which are not significant at 0.05 level are marked with strikethrough.
Flow-proportional datasets are marked with

Dataset C-q<> C-qo< c-qo> Q (m3s?) Q
percentile
TP p=0.03
SE1 0.11 -0.10 0.53 0.30 44
SE6 0.06 -0.16 0.28 0.10 53
SE9 -0.06 -0.29 0.54 0.31 71
NO5™ 0.74 0.75 1.00 0.05 91
NO6f® 0.21 -0.05 0.34 0.32 53
UK23 0.29 -0.07 0.22 0.25 40
RP p=0.07
SE9 -0.16 -0.29 0.31 0.27 71
SE10 0.21 -0.02 0.46 0.10 47
UK7 -0.10 -0.43 0:40 0.63 90
UK13 -0.41 -0.66 0.21 0.30 82
UK36 0.26 016 0650 0.29 64
SsS p=0.02
NO3™P 0.56 0.36 0.73 0.06 77
NO6™ 0.54 0.22 0.55 0.30 53
NO9™ 0.53 0.36 0.58 0.10 80
UK23 0.90 0.41 0.59 0.31 40
NO3z-N p=0.17
HF2 0.42 0.10 0.28 0.01 62
SE? 0.62 0.44 0.37 0.28 70
UK16 0.50 0.84 0.00 0.03 22
DOC -
HF2 0.11 0.04 0.25 0.01 62
COND p=0.10
HF1 -0.07 -0.06 -0.26 10.0 98
SE10 -0.18 -0.04 -0.28 0.10 47




Supplementary Table ST9 Linear trends for flow and water quality time series in the study catchments. An
annual change in flow and concentrations is given and expressed in percentage terms (annual change divided by
the mean flow/concentration). Annual trends which are not significant at 0.05 level are marked with strikethrough.

Flow-proportional datasets are marked with
Dataset Q TP RP SSiF NOs-N DOC COND
TURBHF

HF1 -9.69 318 2.78 8.68 -6.72 | - -2.13
LF1 0.78 0.56 -0.72 1.73 -0.28 -2.26 013
HF2 8.30 -2.20 -5.18 4.35 4.86 185 -
LF2 - 224 | - 531 -1.26 | - 020
SE1 653 -0:57 -3.61 267 0:45 1.04 -0.45
SE2 1.17 -3.14 037 -1.60 -0.95 2.57 011
SE3 0.78 0.56 -0.72 1.73 -0:28 -2.26 043
SE4 1.02 0694 2.72 4.61 -2.95 2.54 -1.46
SE5 -1.27 5.03 2.63 105 -3.56 2.29 0.99
SE6 0.77 -4.07 -6.76 -2.34 -2.35 -2.38 0-08
SE7 1.70 -5.00 -5.97 -4.00 -1.22 -2.32 -0.60
SE8 0.52 -6:83 102 6-90 -3.20 0.87 -0.89
SE9 0.64 -1.49 -4.24 5.15 -1.42 -10.05 -0.39
SE10 6-00 -1.62 -12.79 4.65 -3.18 -0.74 1.07
SE1 653 3.11 4.83 037 244 -2.54 -0.66
SE2fP 1.17 313 023 8.50 042 -3.35 118
SE3fP 0.78 -4.06 -2.96 -10.67 -2-16 -2.48 2.48
SE4™ 1.02 053 4.97 -7.23 1.11 -5.53 -2.31
SE5™® -1.27 9.46 11.58 5.62 -1.93 -4.96 114
SE6™ 0.77 4.24 3.84 079 0.76 -4.78 129
SE7 1.70 10.50 16.72 129 1.60 -2.18 022
SE8fP 0.52 217 -0:-76 249 0.97 -3.73 065
SE9™ 0.64 121 3.48 -3:27 -2.50 -3.78 184

SE10™ 0.00 -4.66 071 -17.44 -8.00 -2.77 3.70
NO1f 613 -0:22 629 -455 | - - -

NO2 -194 7.17 3.22 049 103 | - -

NO3™® 104 2.24 080 3.74 -0.98 | - -

NO4fP 474 -2:44 575 -17.88 -1.79 | - -

NO5™® 1.80 -3.65 1.11 -6.78 035 | - -

NO6™® 643 1.92 -10.57 2.31 112 | - -

NO7™ 017 -1.81 -15.92 189 -0.63 | - -

NO8™® 012 057 2.19 -2:0% 033 | - -

NOg9fP -1.66 -0:67 -1.64 124 065 | - -

NO10™ -1.87 227 -5.23 123 -149 | - -
UK1 140 | - -115 275 377 | - 219
UK2 0.06 -3:25 399 6.77 051 - 0.53
UK3 156 | - -12.93 -7.14 -081 | - 043
UK4 128 | - -9.38 052 115 | - 086
UK5 053 | - -16.84 | - 056 | - -2.12
UK®6 -0.06 -6+47 -8.38 -3.22 014 | - -3.76
UK7 017 | - 425 | - 009 | - -
UK8 -0.09 | - -1.48 011 -0.73 | - -0:48
UK9 0.68 | - -049 -1.28 058 | - -0:33




UK10 -0.65 -2:28 194 1.76
UK11 -0.72 010 -0:82 159 -1.55 o7
UK12 -1.26 -0:02 -3:50 -2.03 0.78
UK13 0.82 -4.00 140 019
UK14 0.40 -14.34 0-84 208
UK15 1.56 3.65 2888 438 883
UK16 -0:05 -19:39 -3.90 -149 619
UK17 -0.11 618 291 -0-19 0.28
UK18 0.19 181 2.53 013
UK19 -0.26 -1:25 -0.36 -6-68
UK20 0.31 -0:04 855 0.21 032
UK21 1.00 -13.58 -9.29 -1.20 034
UK?22 0.50 -3.35 -0:87 -3.14 -3.33 0-07
UK?23 0.58 -7.00 -0:35 -11.45 -1.83 011
UK24 0.42 -5.50 -332 -1.24 -0.21
UK25 0.39 429 -3-68 883
UK?26 0.74 -1.58 -0:37 0-02
UK?27 0.06 -1.69 -1.81 1.08
UK?28 0.64 -1.65 -2:22 -0:03 034
UK29 025 -0:44 2183 -162 825
UK30 -0:10 -1:09 252 -+43 121
UK31 0.74 -0:22 -149.00 -7 -1.54
UK32 -0.52 -4.56 -0:30 040 011
UK33 0.56 0-87 -1.42
UK34 0.97 -3:53 -2:97 -1269 021 -6:34
UK35 0.82 -155 4.90 -3.64 808
UK36 -0-20 091 -5:84 -2.98
UK37 0610 -0:38 -4:78 -1.91 121
UK38 0.41 -1:42 -6.10 -1.38 129
UK39 0.79 13.47 6-69 3.15 889
UK40 2.00 -1.28 865
UK41 0.20 9.32 -2.67 -4.33 -0:09
UKA42 0.15 -2.09 792 -2.94 0.52
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Supplementary Figure SF1 Relative errors in mean (top row), 95" percentile (second row), load estimation (third row) and c-q slope (bottom row) for HF1 for TP, TRP,
TURB, NO3z-N and COND. The central red mark is the median, the edges of the box are the 25" and 75" percentiles, the black whiskers extend to the most extreme data
points and outliers are plotted as red crosses
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Supplementary Figure SF2 Relative errors in mean (top row), 95" percentile (second row), load estimation (third row) and c-q slope (bottom row) for HF2 for TP, TRP,
TURB, NO3z-N and COND. The central red mark is the median, the edges of the box are the 25" and 75" percentiles, the black whiskers extend to the most extreme data

points. For better clarity the figure does not contain outliers (given in Supplementary Figure SF3)
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Supplementary Figure SF3 Relative errors in mean (top row), 95" percentile (second row), load estimation (third row) and c-q slope (bottom row) for HF2 for TP, TRP,
TURB, NO3z-N and COND. The central red mark is the median, the edges of the box are the 25" and 75" percentiles, the black whiskers extend to the most extreme data
points and outliers are plotted as red crosses
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Supplementary Figure SF4 Relationship between c-q slope b calculated from the grab (horizontal axes) and
flow-proportional sampling (vertical axes) for determinands (a) and catchments (b)
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Supplementary Figure SF5 Analysis of variance (Kruskal-Wallis one-way ANOVA) for the c-g slopes b for
annual linear trends >5%. For each determinand datasets showing >5% linear trends (as in Supplementary Table
ST9), were divided into two sub-datasets and c-q slopes were calculated independently for each half. The central
red mark is the mean, the edges of the box are the 25" and 75" percentiles, the black whiskers extend to the most
extreme data points and outliers are plotted as red crosses
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Supplementary Figure SF6 The effect of linear trends on the c-q slopes b for TRP and NOs-N for the
catchments UK®6 (top figure) and NO4 (bottom figure). Both determinands for these catchments show significant
annual linear trends of -8.38% and -7.79% respectively (Supplementary Table ST9). The time series were split in
half (circles for the first half and squares for the second half) and c-q slopes were calculated independently for
each half with the best fit line fitted. The dashed line indicates the best fit line fitted to the whole time series. All
axes are in logarithmic scale
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