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SPECIAL SECTION

CELEBRATING THE 350TH ANNIVERSARY OF DISCOVERING PHOSPHORUS—FOR BETTER OR WORSE

Modeling the Ecological Impact of Phosphorus in Catchments
with Multiple Environmental Stressors

Miriam Glendell,* Javier Palarea-Albaladejo, Ina Pohle, Shasta Marrero, Brian McCreadie,

Graeme Cameron, and Marc Stutter

Abstract

The broken phosphorus (P) cycle has led to widespread
eutrophication of freshwaters. Despite reductions in anthropogenic
nutrient inputs that have led to improvement in the chemical
status of running waters, corresponding improvements in their
ecological status are often not observed. We tested a novel
combination of complementary statistical modeling approaches,
including random-effect regression trees and compositional and
ordinary linear mixed models, to examine the potential reasons
for this disparity, using low-frequency regulatory data available to
catchment managers. A benthic Trophic Diatom Index (TDI) was
linked to potential stressors, including nutrient concentrations,
soluble reactive P (SRP) loads from different sources, land cover,
and catchment hydrological characteristics. Modeling suggested
that SRP, traditionally considered the bioavailable component, may
not be the best indicator of ecological impacts of P, as shown by a
stronger and spatially more variable negative relationship between
total P (TP) concentrations and TDI. Nitrate-N (p < 0.001) and TP
(p = 0.002) also showed negative relationship with TDI in models
where land cover was not included. Land cover had the strongest
influence on the ecological response. The positive effect of
seminatural land cover (p < 0.001) and negative effect of urban land
cover (p = 0.030) may be related to differentiated bioavailability of
P fractions in catchments with different characteristics (e.g., P loads
from point vs. diffuse sources) as well as resilience factors such as
hydro-morphology and habitat condition, supporting the need
for further research into factors affecting this stressor-response
relationship in different catchment types. Advanced statistical
modeling indicated that to achieve desired ecological status,
future catchment-specific mitigation should target P impacts
alongside multiple stressors.

Core ldeas

« Soluble reactive P (SRP) alone was not the best indicator of dia-
tom response.

- Total P (TP) association with diatoms was more spatially vari-
able than SRP.

« Nitrate-N and TP have a combined negative effect on the eco-
logical response.

- Seminatural land use had the most important influence on eco-
logical response.

+ We recommend catchment-specific mitigation of multiple
stressors.
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HE BROKEN PHOSPHORUS (P) cycle leading to

excess P inputs remains an important cause of freshwa-

ter eutrophication worldwide (Oliveira and Machado,
2013; Withers etal.,2014). Since the discovery of P in 1669, early
agricultural revolutions primarily involved expansion of agricul-
tural arca and technological innovations (Pretty and Bharucha,
2014). Since the mid-20th century, the remarkable growth in
food production during the Green Revolution, accompanied by
increased use of inorganic fertilizers and rapid urbanization, led
to a host of negative impacts, including widespread eutrophica-
tion of surface waters (Withers and Jarvie, 2008). While a sig-
nificant proportion of the “first wave” of cutrophication in the
1970s and 1980s has been addressed through the management of
point sources (Le Moal et al., 2019), current causes of eutrophi-
cation in the developed world are largely due to diffuse pollution
(Le Moal et al., 2019), which is inherently much harder to iden-
tify and manage (Sharpley et al,, 2015). Thus, the specialization
of agricultural practices and the spatial disconnect between crop
and livestock systems prevalent in modern agricultural systems
led to a “broken P cycle” and P use inefficiencies, with negative
impacts on aquatic ecosystems (Sharpley et al., 2018).

Over the past decades, significant effort has been made to
control the anthropogenic input of excess nutrients to freshwa-
ter bodies from a variety of sources. However, despite observable
reductions in nutrient concentrations that have led toan improve-
ment in the chemical status of inland waters, a corresponding
improvement in the ecological status in many catchments has
not been observed (Bowes et al., 2012; Harris and Heathwaite,
2012; Sharpley et al., 2018). Understanding these links between
P pollution and the ecological impact is often hampered by the
disconnect between agricultural landscape-focused research and
river science (Kreiling et al.,, 2017), limiting our understanding of
the impact of multiple stressors on the aquatic environment and
our ability to predict the effects of human activity (Noges et al.,
2016). Meanwhile, catchment managers are required to address
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and mitigate the effect of multiple stressors in river catchments
based on regulatory data, which are typically of low temporal
and spatial resolution (i.c., monthly observations at catchment
outlets). Understanding stressor interactions from these low-res-
olution data is difficult due to dynamic processes not captured by
infrequent observations and a multitude of confounding factors
where high “noise” may obscure the identification of a meaning-
ful signal (Feld et al., 2016, Noges et al., 2016).

While research on multiple stressors has increased over the
past two decades (Meissner et al., 2019), experimental studies
may struggle to fully resolve complex interactions as they are not
able to completely account for what is observed in natural envi-
ronments (Munn et al.,, 2018). Some studies have even suggested
that each river basin represents a specific system, where stressor
effects change along mixed climatic, hydrological, morphologi-
cal and biotic gradients, thus necessitating catchment-specific
understanding of stressor interactions to inform management
interventions (Segurado et al., 2018). Therefore, novel statisti-
cal modeling approaches are needed to understand the relative
importance of stressors and how they interact in complex real-
world river systems (Gieswein et al., 2017) to inform better tar-
geting of resources and maximize the use of a large amount of
regulatory data that is now available thanks to a considerable
investment of public funding.

Such advanced statistical approaches are increasingly applied
to regulatory monitoring data to understand the interactions
between multiple stressor gradients on ecological outcomes in
real-world catchments (Feld et al., 2016; Gieswein et al., 2017;
Segurado et al., 2018; Villeneuve et al., 2018; Gutiérrez-Cénovas
etal.,2019; Meissner etal.,2019; Rankinen etal., 2019; Wu etal.,
2019). While a range of statistical approaches are available, here
we present a combined approach (i) to understand the potential
associations between catchment-specific ecological responses
and multiple stressors, while accounting for unmeasured sources
of variability between locations, (ii) to derive overall relation-
ships from available regulatory data that are generalizable to
unmonitored locations, and (iii) to understand the importance
of the absolute magnitude of individual stressors as well as the
balances between them to maximize the complementary insights
into these complex relationships based on low-resolution regula-
tory data.

Diatoms are used in environmental assessments of water
bodies around the world (Kelly et al, 2012; Kelly, 2013;
Stevenson, 2014; Poikane et al., 2016). In this study, we used
the Trophic Diatom Index (TDI) and its Ecological Quality
Ratio (EQR TDI) between the observed diatom status and
that expected under reference conditions (Kelly et al., 2008)
to understand the importance of P in ecological water qual-
ity impairment within the context of multiple stressors. The
stressor—response relationship between diatoms, chemical stress-
ors, soluble reactive P (SRP) loads, land cover, and catchment
hydrological characteristics was examined using a novel combi-
nation of statistical modeling approaches, including random-
effects regression trees and compositional and ordinary mixed
models, all considering the clustered nature of the data accord-
ing to catchment. In addition to ordinary linear mixed models
applied in previous ecological studies (Segurado et al., 2018;
Gutiérrez-Canovas et al., 2019; Wu et al., 2019), we introduce
novel compositional mixed models to understand the interplay

and relative influence of water chemistry and land cover stress-
ors on the ecological response through trade-offs between them.
Specifically, we address the following questions: (i) What is the
association between P and diatom status in the context of mul-
tiple stressors in running waters? (ii) How do these stressor—
response relationships vary between catchments? and (iii) What
are the benefits of advanced statistical approaches to regulatory
data analysis for catchment managers and how can they inform
future P management strategies?

Materials and Methods
Data

In this work, we use the term stressor to mean an environmen-
tal factor (SI 1) that has an adverse impact on the ecological com-
munity (Kath et al., 2018) in terms of diatom response.

Ecological, water quality and hydrological data were obtained
from the Scottish Environment Protection Agency (SI 1-2).
Ecological monitoring data were provided for 88 locations across
Scotland where continuous diatom sampling has taken place
every 6 months in spring and autumn between January 2007 and
September 2017. The data comprised observed and calculated
TDIs and their EQR TDI (Kelly et al., 2008; UKTAG, 2014)
for spring and autumn sampling.

Locations where diatom observations could be matched with
water quality data at the nearest monitoring location within
200 m distance were retained, resulting in a dataset of 625 com-
plete observations from 45 study catchments across Scotland
(Fig. 1). Chemical parameters of interest included total P (TP),
SRP, nitrate N (NO,-N), nitrite-N (NO,-N), ammonia-N
(NH,-N), suspended solids, and chloride (Cl). Total P was
derived as a reduced phosphomolybdenum blue complex from a
manual sulfuric acid—persulfate digest of unfiltered sample, while
SRP represented the molybdate-reactive P determined from a
<0.045-pm filtered sample. Analytical detection limits for TP
were either 0.002 or 0.005 mg L™ and for SRP either 0.008 or
0.009 mg L, respectively. The different detection limits came
from samples from different regions being handled by two labo-
ratories. For 68 samples at the detection limit concentrations,
this gave SRP/TP ratios >1. Since these apparent errors of SRP
> TP occurred only with trace concentrations and in few obser-
vations, they did not adversely affect statistical models and were
not further corrected.

For each monitoring location, the upstream contributing area
was delineated using the ArcHydro tools in ArcGIS 10.2.1 and
a 10-m or 50-m resolution digital elevation model, with topo-
graphic maps used to verify the results obtained through auto-
matic delineation with digital elevation models. Proportion of
arable, improved grassland, urban, woodland (including native
and plantation) and seminatural (all types of unimproved grass-
land and dwarf shrub heath) land cover types were calculated for
each catchment area in ArcGIS 10.2.1 based on the CEH Land
Cover Map 2007 (Morton et al,, 2011).

Hydrological characteristics of each study catchment were
derived using dimensionless indices describing variability of
streamflow in terms of distribution (ratio of high to low flows
Q5:Q95; Jordan et al., 2005), scasonality (range of Pardé¢ coef-
ficients; Viglione et al,, 2013), and oscillation (Richards-Baker
Flashiness Index; Baker et al., 2004), as well as the base low index.
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Fig. 1. Statistical modeling approaches applied to low-frequency regulatory data at 45 study sites in Scotland.

The ratio of high to low flows (Q5:Q95 ratio) relates the
streamflow that is exceeded 5% of the days to streamflow with
an exceedance frequency of 95%. Streamflow quantiles were
calculated using the function fdc in the R-package hydroTSM
(Zambrano-Bigiarini, 2015).

The Pardé¢ coefficient (Pardé¢, 1947) relates long-term mean
monthly streamflow to long-term mean annual streamflow. To
convert the Pardé coefficient into one single value expressing sea-
sonality (rather than 12 values, 1 for each month), Viglione et al.
(2013) introduced the range of the Pardé coefficients, which is
the difference between the maximum Pardé coefficient and the
minimum Pardé coeflicient.

The Richards—Baker Flashiness Index relates the difference
between the streamflow of the current to the previous day as

RBI = Zi:l Qni - Qi71|
Zizlgi

where Q. is the streamflow of the current day, Q. | is the stream-

flow of the previous day, and 7 is the number of observations.

The base flow index was derived from streamflow records
using the function base flows implemented in the R package
hydrostats (Bond, 2015).

All hydrological indices were calculated based on daily
observed streamflow for the time period 2007 to 2016. Stream
discharge was determined to regulatory standards, using a com-
bination of stage-discharge relationships with stilling wells in the
banks of natural channels as wells as control structures in other
locations.

Modeled P source apportionment load estimates (kg yr™)
from sewage treatment works (SWLOAD), septic tanks
(STLOAD), combined storm overflows (CSOLOAD), urban
(URLOAD), livestock (LSLOAD) and arable (ARLOAD)
land cover types were obtained from the Scottish Environment
Protection Agency as the output from the SAGIS source appor-
tionment tool (Daldorph, 2017). These P source variables were

included as complementary to land cover variables, serving as a
proxy for potentially differing bioavailability of P between the
sources inherent within the broad land cover types (Stutter et al.,
2014; Glendell et al., 2019).

Statistical Analysis
Data Preprocessing and Exploration

Data were visually screened for outliers and checked for nor-
mality. Chemistry data were log-transformed and standardized
(z-scores), and EQR TDI data (originally defined in the [0, 1]
interval) were arcsin transformed to better accommodate lin-
earity and model residuals assumptions for principal compo-
nent analysis (PCA) and ordinary linear mixed modeling. The
regression tree was invariant to monotonic transformation of
explanatory variables, and chemistry data in original units were
considered to facilitate interpretation of values at the tree nodes.
However, this was not the case for the response variable, and the
tree was fitted to arcsine-transformed EQR TDI for consistency
across methods (note that the endpoint values shown in Fig. 3
are back transformations, which approximate the corresponding
average values on the original scale). Chemistry and land cover
data received specific treatment for compositional mixed mod-
cling as detailed below. Cases with EQR TDI = 1 (equating to
29 observations) were excluded to achieve homoscedasticity of
model residuals. We applied PCA on z-transformed variables to
the potential stressors to investigate the presence of main envi-
ronmental gradients and correlations in the multivariate dataset.

Statistical Modeling

Formal statistical modeling was undertaken using three differ-
ent modeling approaches (Fig. 1): regression trees for clustered
data (RE-EM algorithm allowing for random effects), composi-
tional linear mixed models (CLMM), and ordinary linear mixed
models (LMM). For the linear mixed models, cither composi-
tional or ordinary, we considered two scenarios of alternative
model structures to account for model structural uncertainty:
one with all water chemistry variables, P source apportionment,
hydrological variables, and land cover type distribution (Scenario

1338
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A) and another with only chemistry, P source apportionment,
and hydrological variables (Scenario B). Statistical analyses and
modeling were undertaken in the R system for statistical com-
puting v3.4 (R Core Team, 2018).

A regression tree was fitted using the RE-EM algorithm as
implemented in the REEMtree package in R (Sela and Simonoff,
2012) to understand potential differences in relevant stressors of
diatom response between different catchment types, with sites
included as a random effect to account for the repeated measure-
ments within the 45 study catchments. Regression trees make no
parametric assumptions and accommodate nonlinear relation-
ships and complex interactions between variables (e.g., the same
variable can intervene several times at different levels), which are
represented as a hierarchical tree of optimal binary splits (nodes)
according to values of the most relevant variable at each point.
The RE-EM algorithm alternates iteratively the estimates of an
ordinary regression tree and a linear mixed model. The splitting
algorithm aims to maximize the reduction of the sum of squares
at each node (Breiman et al., 1984). The linear mixed model
part is fitted by restricted maximum likelihood. Tenfold cross-
validation was used to prevent overfitting and prune the tree at
each iteration. Splitting continued until the difference between
the likelihoods of the linear models of two consecutive iterations
was less than 0.001. The performance of the RE-EM regression
tree model was assessed by computing R* and root mean square
error (RMSE) from the actual and fitted values.

Compositional linear mixed models considered the nutri-
ent concentrations and land cover proportions synergistically
as compositional variables representing fractions or parts of
a whole according to their units (mg L™ and percentage land
cover respectively). This concept implies that their values are not
free to vary independently of each other and the total amounts
are disregarded, with relevant information carried in the ratios
between variables. Thus, instead of treating these variables sepa-
rately, we used a compositional statistical approach (Aitchison,
1986; Pawlowsky-Glahn et al., 2015) to focus on their relative
importance by working with log-ratios. This guarantees that
the results are the same regardless of the scale of measurement
of the variables. Following the procedure described in Palarea-
Albaladejo et al. (2017) to define a compositional mixed model,
a particular type of log-ratios, so-called balances (representing
trade-offs between subsets of variables), were built according to
the strength of the association or co-dependence between vari-
ables. These co-dependences were computed as the variance of
their pairwise log-ratios as suggested by Aitchison (1986) and
were graphically represented using compositional PCA biplots
(Aitchison and Greenacre, 2002; Supplemental Fig. S4.1). They
were used as input to perform R-mode Ward’s clustering, which
determined subsets of closely co-dependent compositional vari-
ables going into numerator and denominator of the log-ratio
term of each balance (Supplemental Fig. S4.2 and $4.3). These
balances were then used in place of the original nutrient and
land cover variables as fixed effects in ordinary mixed models
(Palarca-Albaladejo et al., 2017) and fitted as described below,
along with the hydrological and P source apportionment covari-
ates. Analytical tools from the R package compositions (van den
Boogaart et al., 2018) were used to derive the balances.

Ordinary LMM (see, e.g., Zuur et al, 2009) fitted by

restricted maximum likelihood allowed investigation of the

relationship between explanatory variables specified as fixed
effects and the ecological response, with sites specified as a
random effect to allow for the clustered structure of the data
(i.e., repeated observations) in each study catchment, using the
Ime4 package in R (Bates ct al., 2015). Unlike ordinary linear
regression modeling, LMM accounted for random variability
between sites and enabled estimates to be made at the individ-
ual catchment level as well as averaged over all catchments. All
continuous variables were z-transformed to homogenize the
scales of variation and to facilitate comparison of effect sizes
between them.

Selection between alternative mixed models (CLMM and
LMM) to explain EQR TDI was based on the Akaike infor-
mation criterion (AIC) using maximum likelihood estimation
(Burnham and Anderson, 2002). Relative variable importance
(Supplemental Table S6) was determined by summing Akaike
weights over all candidate models with up to three explanatory
variables where the variable was included. Models were screened
for collinearity, and only models with correlations between
stressors lower than 0.6 were retained. Top models with delta
AIC (AIC difference) < 2 and r < 0.6 were selected and then
refitted using restricted maximum likelihood and averaged to
obtain final model estimates. Model performance was evaluated
using conditional R?, intraclass correlation coefficients (ICCs)
for mixed models (Nakagawa et al., 2017), and RMSE. The ICC
measured the proportion of the variance explained by the site
random effects and, hence, contributed to determine the ade-
quacy of using random-effects models.

Results

What Is the Association between Phosphorus and
Diatom Status in the Context of Multiple Stressors in
Running Waters?

The first three principal components accounted for 67.70%
of the total variance in the explanatory variables (Supplemental
Table S3.1). All chemical parameters were positively correlated
with PC1, which accounted for 33.89% of the variation. Arable,
improved grassland and urban land cover types, as well as P loads
from all sources, were positively correlated with PC1, while
seminatural land cover was negatively correlated with PCI1.
Thus, PCI represented a land cover and hydro-chemical gradi-
ent, with sites in good ecological status related more closely (but
not exclusively) to a higher proportion of seminatural land cover,
while sites in poor ecological status related more closely (but not
exclusively) to higher concentrations of all constituent and P
loads from all sources (Supplemental Fig $3.1). Nutrient concen-
trations were more strongly positively correlated with PC1 than
loads, especially TP, which was more strongly correlated (0.834)
than SRP (0.771) or N species (0.743 and 0.763). Conversely,
seminatural land cover type was strongly negatively correlated
with PC1 (=0.775).

Phosphorus loads from all sources other than arable were
strongly positively correlated with PC2. Principal compo-
nent PC3 represented a gradient of differentiated hydrologi-
cal response, with the Richards—Baker Flashiness Index and
Q5:Q95 correlated positively and baseflow index correlated
negatively with this axis (Supplemental Table $3.1).
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A ranking of explanatory variables obtained from com-
positional and ordinary mixed models according to variable
importance in Supplemental Table S6 showed the overriding
importance of seminatural land cover on the ecological response
in Scenario A and the importance of P as the main chemi-
cal stressor of ecological response in Scenario B. These ranks
are not necessarily consistent with the stressors selected in the
best approximating CLMM and LMM below, as they take into
account a large number of models with different combinations of
variables (Segurado et al., 2018).

Compositional PCA biplots represent visually the struc-
ture of co-dependence within the nutrient and land cover
compositions (Supplemental Fig. S4.1). For the nutrient
concentrations (70.68% total variance explained by PC1 and
PC2), NO3—N concentrations were the least associated to
the others, whereas NH,-N and NO, -N concentrations, as
well as TP and SRP concentrations, were highly proportional
(indicated by the proximity of the corresponding arrowheads
in Supplemental Fig. S4.1a). Regarding land cover propor-
tions (91.62% total variance explained by PC1 and PC2),
arable and urban types were the most independent, whereas
seminatural and woodland land cover were more related
(Supplemental Fig. S4.1b). A CLMM considering all stress-
ors (Scenario A) showed that the diatom response was sig-
nificantly negatively associated with the trade-off between
TP and SRP on the one hand and NH,, NO,, CI, and sus-
pended solids on the other hand (represented by balance b,
Supplemental Table S4.1; Supplemental Fig. $4.2; p = 0.034),
as well as to that between NH,-N and NO,-N (balance bé;
Supplemental Table S4.1; Supplemental Fig. $4.2; p = 0.017).
Diatom response was also positively associated with the land
cover balance I, related to the contrast of seminatural and
woodland versus arable, grassland, and
urban land cover types (Supplemental

0.001; Fig. 2d), being significantly greater in the autumn than
in the spring (estimated slope —0.08 vs. —0.02).

The hydrological catchment characteristics were not statisti-
cally significant predictors of the ecological response in any of
the scenarios.

How Do the Stressor—Response Relationships Vary
between Catchments?

The RE-EM regression tree (R* = 0.64, RMSE = 0.15) indi-
cated a strong negative relationship between TP and diatom
response. Low EQR TDI (average EQR TDI = 0.58) can be
expected in catchments with TP concentrations >0.035 mg L™
and urban land cover <5% (Group A in Fig. 3). Values of ~0.67
on average for EQR TDI can be expected where TP concen-
trations are >0.035 mg L' and arable land cover exceeds 27%
(Group B), whereas EQR TDI values of ~0.76 can be expected
where arable land cover is <27% (Group C). In catchments with
TP concentrations <0.035 mg L™ and >12% woodland cover,
the average EQR TDI value was 0.74 (Group D). The highest
EQR TDI (average value = 0.82) can be expected in catchments
with TP concentrations <0.035 mg L™ and woodland cover
<12% (Group E).

Ordinary LMMs were used to characterize the relationship
between EQR TDI and absolute nutrient concentrations, SRP
loads, hydrological indices, and land cover (Scenario A) in indi-
vidual catchments, as well as an overall relationship across all
catchments. Averaged top-five LMMs in Scenario A showed
that SRP, TP, and urban land cover were negatively related to
the diatom response, whereas seminatural land cover was instead
positively related. However, only land cover variables together
with season were statistically significant (Supplemental Table

2

Table S4.1; Supplemental Fig. $4.3; p <
0.001). In Scenario B, the nutrient bal-
ances b, and b, were the only statistically
significant terms related to the ecologi-
cal response (p = 0.022 and p = 0.026
respectively).

Using ordinary LMM in Scenario B

EQR TDI (arcsine scale)

(where land cover was not included in
the analysis), concentration of TP and
NO,-N were significantly negatively

associated to EQR TDI with a com-
parable effect size, along with season
(Supplemental Table S5.3) (R? = 0.60,
ICC = 0.42, RMSE = 0.14). To explore
the temporal aspect of the impact of TP
and NO3—N on EQR TDI, an extended

model that included interactions

EQR TDI (arcsine scale) &
o
)

o
©

EQR TDI (arcsine scale) &
o o
~ o)

between TP and season and NO,-N and
scason was fitted (Supplemental Table
$5.4; Fig. 2c—d) (R* = 0.60, ICC = 0.42,
RMSE = 0.14). It showed that the nega-
tive effect of TP on EQR TDI did not
vary statistically significantly by season
(p = 0.49; Fig. 2¢) but that the negative
effect of NO,-N concentration did (p <

-1 0 1
TP (z-log scale)

Season — Autumn - Spring

-1 0
Nitrate (z-log scale)

Season — Autumn - Spring

Fig. 2. Estimated linear mixed model (LMM) slopes in scenario A for (a) soluble reactive P (SRP)
and (b) total P (TP) showing greater variability in the stressor-response relationship between TP
and Trophic Diatom Index Environmental Quality Ratio (EQR TDI) than between SRP and EQR TDI
in studied catchments. Estimated interaction effects between (c) TP and season and (d) NO,-N
and season on the EQR TDI from averaged linear mixed models (LMM) in Scenario B.
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TP>=0.035
|

urban>= 0.05
0.58 arable>=0.27
A
0.67
B

100 km

woodland>= 012

D E

Fig. 3. Regression tree from 596 observations of water quality, discharge, land cover, and P apportionment loads. The endpoints of the tree (leaves)
show average Trophic Diatom Index Environmental Quality Ratio (EQR TDI) according to splits (tree branches) of the variables at optimal threshold
values. If condition is satisfied, the split follows the tree branch to the left; if condition is false, the split follow the tree branch to the right. The map
shows the spatial distribution of the predicted groups. Note that a U group was added to refer to an undefined catchment group where the obser-

vations from the study catchment fell into two possible end points. TP, total P.

$5.1), likely because SRP and TP were closely correlated (R? =
0.62,1CC =0.22, RMSE = 0.15).

As SRP and TP measurements were highly correlated, the
top-five models were also examined separately (Supplemental
Table S5.2). The five models (indicated below using numbers
1-5) produced statistically significant results for the following
stressors:

1. SRP, seminatural and urban land cover (R? = 0.62, ICC =
0.22, RMSE = 0.15).

2. SRP, season, and seminatural land cover (R? = 0.61, ICC =
0.25, RMSE = 0.15).

3. TP, seminatural and urban land cover (R? = 0.65, ICC =
0.24, RMSE = 0.14).

4. TP, season, and seminatural land cover (R? = 0.64, ICC =
0.27, RMSE = 0.14).

S. Season, seminatural and urban land cover (R? = 0.64, ICC =
0.24, RMSE = 0.14).

These models accounted for a similar amount of EQR TDI
variation (R? = 0.61-0.65). Urban land cover, SRP, and TP
had negative associations with EQR TDI, while seminatural
land cover had a positive association with EQR TDL In most
models, seminatural land cover had the greatest effect size on
the diatom response, as indicated by the standardized model
coefficients (Supplemental Table S5.2). Note that the relation-
ship between TP and EQR TDI was estimated to be more vari-
able between study catchments than the relationship between
SRP and EQR TDI (see regression slope estimates by catchment
from the fitted linear mixed models in Fig. 2a, b). The slopes for
TP indicate potentially stronger but variable control of TP on
the ecological status, affected by site-specific catchment charac-
teristics; whereas the response to SRP was more homogenous
between locations and less affected by site-specific effects. The
median ratio of SRP/TP concentrations for individual observa-
tions was 0.58 (min. = 0.06, max. = 3.63, including the 11% of
values with ratios >1 associated with trace concentrations at or
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near the detection limits) (see Supplemental Tables $2.1-52.3
for all stressor gradient lengths).

Discussion

What Is the Association between Phosphorus and
Diatom Status in the Context of Multiple Stressors
in Running Waters?

Principal component analysis was a first step in the process
of disentangling the association between nutrients, SRP loads,
hydrological variables, land cover type, and the ecological
response. All chemicals were positively correlated with the first
PCA axis. Thus, compositional analysis was useful to understand
which pollutant ratios were most influential on EQR TDL. From
the CLMM approach, we concluded that the combined ratio
of TP and SRP to other nutrients (balance b,) and the trade-
off between NH,-N and NO,-N (balance b,) were the main
chemical stressors negatively influencing EQR TDI in both sce-
narios considered, with the latter having a stronger association
(Supplemental Tables S4.1 and $4.2). Balance b, may be indicative
of point-source pollution, including domestic effluent discharges
from septic tanks (Richards et al., 2016), suggesting that these
P sources may be particularly important in affecting ecological
status. When land cover was included (Scenario A), the influence
of the combined ratio of seminatural and woodland land cover
types versus arable, grassland, and urban land cover types (bal-
ance |,) was also highly statistically significant (p < 0.001), with
the size of the association being comparable to balance b, but
in a positive direction. These results suggest that while P species
are significantly negatively linked to ecological status, the anoxic
conditions indicated by the NH,-N to NO,™-N balance (likely
linked to organic pollution) have an equally important negative
relationship, ameliorated by the presence of seminatural habitats
(balance 1,). Therefore, these combined relationships should be
considered when setting mitigation targets.

Linear mixed models with nutrients, source apportionment,
and land cover type (Scenario A) identified concentration of
TP and SRP as the main chemical stressors negatively influ-
encing the diatom status, although seminatural and urban land
cover types had the strongest positive and negative relationship,
respectively. These models accounted for up to 65% of the vari-
ability in EQR TDL

Identifying which operationally defined P fraction best repre-
sents bioavailable P, and is more closely related to the ecological
response, is still subject to debate in the scientific literature (Li
and Brett, 2015). While annual mean SRP concentration is used
for setting water quality targets in running waters in the United
Kingdom, in the United States TP is used to link P to the ecolog-
ical response (Jarvie et al., 2013; Stevenson, 2014). In this study,
the combined evidence from different modeling approaches
showed that TP was potentially more closely related to EQR
TDI than SRP (see Fig. 3, Supplemental Table S5.2), consis-
tent with other studies that found TP to be the main predictor
of diatom responses (Herrero et al., 2018; Munn et al., 2018).
This may be because TP accounts for additional P fractions such
as particulate P attached to sediment particles as well as soluble
unreactive P, both of which can contribute to the pool of bio-
available P (Baker et al., 2014; Stutter et al., 2014). In addition,

TP may also be associated with other fine sediment-bound con-
taminants that could affect ecological status, such as through
physical effects or as a vector for metals and herbicides (Munn
et al., 2018). However, the dual role of SRP and TP apparent
from CLMM indicates that neither fraction, typically quantified
in regulatory water quality monitoring schemes, fully accounts
for bioavailable P (Ellison and Brett, 2006; Ekholm et al., 2009)
and may cither over- or underestimate the ecological response.

Formal modeling in the present study did not find a statisti-
cally significant link between loads of SRP from different sources
and the ecological response in running waters, supporting the
finding that in running waters, loads are indeed less relevant to
ecological status than are nutrient concentrations (Stamm et al.,
2014). However, it has to be noted that these loads were derived
from a source apportionment model. They might then be subject
to some error that might have some influence on our results.

In linear mixed models without land cover (Scenario B),
NO,-N concentration had the strongest negative relationship
with EQR TDI alongside TP (Supplemental Table S5.3). The
importance of both P and N in management of eutrophication
in running waters was highlighted previously (Cha et al., 2016;
Dodds and Smith, 2016) as both N and P can enhance the rates
of primary production and lead to impairment of water quality
(Stevenson, 2014; Paerl et al., 2016; Wagenhoff et al., 2017a,
2017b; Crnkovic et al,, 2018; Jarvie et al,, 2018). Targeting of
both of these nutrients may be particularly important in upland
low alkalinity rivers that are naturally both N and P limited
(Jarvie et al,, 2018). This study found that NO,-N had a stron-
ger negative relationship with EQR TDI in autumn than in
spring, likely due to N limitation on primary production during
summer months. Therefore, minimizing NO3—N losses during
the growing season should be a key part of mitigation strategies.

Seminatural land cover was estimated to be have a stronger
positive influence on EQR TDI than the negative influence of
cither TP or SRP (Supplemental Tables $4.1, S5.1, S5.2, $6), and
combined evidence from different modeling approaches shows
that land cover had an overriding influence on the ecological
response, which is in line with other studies that also found a
hierarchy of stressors from land cover, followed by physicochem-
ical (e.g., sediment and nutrient concentrations) and hydromor-
phological (e.g., river bed and riparian corridor characteristics)
variables (Villeneuve et al., 2018). Here, seminatural land cover
is likely acting as a proxy for other factors (Segurado et al., 2018),
such as varying bioavailability of P fractions (Ellison and Brett,
2006; Prestigiacomo et al., 2016; Stutter et al., 2018), river mor-
phology, riparian and/or aquatic habitat structure, and absence
of toxic contaminants (e.g., herbicides). In addition, the bioavail-
ability of P forms has been shown to vary between 12 and 73%
for TP and between 6 and 81% for particulate P in catchments
dominated by different land cover types (Ellison and Brett,
2006; Egemose and Jensen, 2009; Poirier et al., 2012; Baker et
al., 2014). Some land cover types, such as agriculture and urban
land use, make TP more bioavailable (Ellison and Brett, 2006;
Prestigiacomo et al., 2016), while TP from seminatural land
cover is likely to be less bioavailable (Stutter et al., 2018).

Woodland was not directly related to the water pollution
gradient in PCA (Supplemental Fig S3.1, Supplemental Table
$3.1) and did not appear to have a significant association with
EQR TDI according to the fitted linear mixed model. However,
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the RE-EM regression tree indicated a potential negative impact
of woodland on the ecological outcome. These contrasting find-
ings may reflect confounding relationships that could not be dis-
cerned from the available data in the present study, such as those
from native versus plantation woodland, specific woodland
management practices, and the spatial arrangement (riparian
vs. catchment, distance to stream) at which positive or negative
influence of woodland may become apparent (Soulsby et al.,
2002; King et al., 2005; Roberts et al., 2016).

How Do Stressor—Response Relationships Vary between
Catchments?

The linear mixed model regression slopes for TP varied more
between study catchments than for SRP (Fig. 2a, b), pointing
toward a differentiated stressor—response relationship between
TP, SRP, and river ecology in different catchment types. This
may be related to a number of complex interactions and “catch-
ment resilience” factors such as river morphology, aquatic habitat
structure, and riparian shading, as well as different bioavailability
of P fractions, pointing toward a need for different prioritization
of management interventions in catchments with different char-
acteristics (Doody et al., 2016).

In this study, both nutrients and catchment land cover were
significantly associated with ecological status. The RE-EM
regression tree identified TP concentration of 0.035 mg L™ as
the primary breakpoint in the dataset, distinguishing between
catchments in good and mixed ecological status (Fig. 3). This
breakpoint appears plausible, as it lies within the range of pre-
viously reported limiting P concentrations in British streams
between 0.01 and 0.05 mg L™ (Jarvie et al., 2018) and coincides
with a threshold of 0.03 mg L™ at which significant change in
diatom assemblage was observed in mesocosm experiments
(Bowes et al., 2012; McCall et al., 2017).

However, the RE-EM regression tree analysis also indicated
that urban land cover >5% and arable land cover >27% had a
detrimental association with the ecological response, with the
lowest EQR TDI scores likely to be expected in catchments with
a higher proportion of urban land cover (Fig. 3). The negative
association with urban land cover was greater than ecither TP,
SRP, or season (Supplemental Tables S5.1, S5.2). Other stud-
ies also found urbanization to be strongly negatively linked to
aquatic ecology (King et al., 2011; Teittinen et al., 2015; Golden
et al.,, 2016; Herrero et al., 2018). This negative association with
urban land cover may be linked to additional pollutants associ-
ated with surface runoff as well as more bioavailable nutrients
from point sources (Ekholm and Krogerus, 2003; Ekholm et al.,
2009; Richards et al., 2016; Stutter et al., 2018) likely to have a
greater impact on river ecology (Shore et al., 2017).

What Are the Benefits of Advanced Statistical Approaches
to Regulatory Data Analysis for Catchment Managers, and
How Can They Inform Future Phosphorus Management
Strategies?

Recent studies applying advanced statistical approaches to
understand the interactions between multiple stressor gradients
on ecological outcomes in real-world catchments (e.g., Feld et al.,
2016; Gieswein et al., 2017; Villeneuve et al., 2018; Segurado

et al., 2018; Gutiérrez-Cénovas et al., 2019; Wu et al., 2019;
Rankinen et al., 2019; Meissner et al., 2019) typically evaluated
the hierarchy and compared the weight and effect size of individ-
ual stressors and stressor interactions (Segurado et al., 2018). As
models are imperfect representation of reality based on limited
observational data, different modeling approaches commonly
result in different answers. Furthermore, ecological recovery
trajectories from poor condition are subject to many interac-
tions and confounding factors that are difficult to detect (Jarvie
et al,, 2013). Thus, a combined modeling approach, such as the
one presented in this study, offers insight into the data available
from different perspectives and facilitates prioritization of stress-
ors and mitigation strategies based on the strength of combined
evidence.

Segurado et al. (2018) suggested that each catchment
needs to be understood as a specific system, with specific
stressor interactions along environmental gradients. Advanced
statistical modeling approaches, such as those used in this
study, allow for this kind of catchment-specific analysis.
Here, the regression tree model allowed understanding the
stressor hierarchy that leads to different ecological states in
groups of catchments, while the mixed effect models enabled
understanding how the association with TP varies between
catchments. We therefore recommend that regulatory agencies
periodically commission a reanalysis of the growing body of
standardized regulatory data using a portfolio of advanced
statistical tools to understand how multiple stressors change
along environmental gradients in their respective catchments
and thus allow catchment-specific targeting of mitigation
measures. To optimize catchmentinterventions, we recommend
that future P mitigation should be addressed in concert with
other stressors, not just P in isolation, with catchment-specific
targets. In addition, application of these advanced statistical
approaches to high temporal-resolution data from catchment
observatories across multiple regions may offer further insights
by allowing testing of the influence of temporal data resolution
on the modeled results (Hipsey et al., 2015).

The additive nature of the stressor—response relationships
found in linear mixed model analysis implies that the chemical
and land cover stressors could be addressed separately (Herrero
et al., 2018). However, while management that addresses the
stressor with the largest estimated association will likely have
the greatest immediate benefit (Noges et al., 2016), targeting all
of the stressors in a concerted way would be the most meaning-
ful strategy (Jarvie et al., 2013), an approach supported by the
CLMM analysis, which recognizes that the chemicals and the
land cover variables are intrinsically interrelated. In this context,
seminatural land cover consistently had the greatest positive
association with ecological status. While it is unrealistic to aim
to increase the extent of seminatural land cover in catchments
where other ecosystem services, especially food production, are
a priority (Doody et al., 2016), it may be possible to strategically
increase this type of land cover in specific landscape locations in
a cost-effective way. To date, analyses of the influence of spatial
targeting of land cover change interventions on water quality in
river catchments are scarce (Hashemi et al., 2016; Dupas et al,,
2019). Therefore, further research is needed to inform the opti-
mal spatial arrangement of land cover change interventions and
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their link to river ecology (McCluney et al., 2014) in different
catchment typologies across scales.

It has been suggested that current mitigation policies may
not be sufficient to achieve good ecological status of inland
waters and that targeted land cover change may need to be
considered (McDowell et al.,, 2016), especially in vulnerable
landscapes where some production systems may be inherently
unsustainable, regardless of the mitigation measures that can
be adopted (Sharpley et al., 2018; Le Moal et al., 2019). While
land cover change may appear to be a radical proposition in
intensively farmed productive landscapes, targeting of mea-
sures based on catchment vulnerability may increase the effi-
ciency of mitigation measures in a cost-effective way (Bol et al.,
2018; Hashemi et al., 2016). Such landscape redesign could
include a shift to heterogencous landscape mosaics (Stutter et
al., 2012) and mixed land use farming (McDowell et al., 2016),
perhaps as part of climate-change adaptation, redistribution of
polluting land uses away from critical source areas (Hashemi
et al., 2016) or targeting of interventions to headwater catch-
ments with lowest resilience and highest source properties (Bol
et al., 2018). Thus, to repair this aspect of the broken P cycle,
this work shows that for optimal future mitigation, future
regulatory efforts should target P impacts alongside multiple
chemical and land use stressors, tailored to catchment-specific
responses.

Supplemental Material

The supplemental material includes S1, summary of data used in the
study; S2, summary statistics; S3, PCA results; S4, CLMM results;
S5 LMM results; and S6, comparison of relative stressor importance
hierarchy.

Conflict of Interest

The authors declare no conflict of interest.

Acknowledgments

We would like to thank Jackie Potts from Biomathematics and Statistics
Scotland for help with initial data analysis, Linda May from the Centre
of Ecology and Hydrology for helpful comments in the course of
the project development, and Fiona Napier, Alison Bell, and Mark
Hammonds from the Scottish Environment Protection Agency for
helpful comments and water quality monitoring data. Laura Poggio,
Richard Hewitt, and Malcolm Coull from the James Hutton Institute
helped with catchment delineation in ArcGIS. Comments from
Ioanna Akoumianaki (The James Hutton Institute) helped to improve
the manuscript. J. Palarca-Albaladejo was supported by the Scottish
Government’s Rural and Environment Science and Analytical Services
Division (RESAS). The project was funded and project managed
by CREW-Scotland’s Centre of Expertise for Waters. We thank the
reviewers for their constructive comments that helped to improve the
manuscript.

References

Aitchison, J. 1986. The statistical analysis of compositional data. Chapman and
Hall, London. doi:10.1007/978-94-009-4109-0

Aitchison, J., and M. Greenacre. 2002. Biplots of compositional data. R. Stat.
Soc. Ser. C 51:375-392. doi:10.1111/1467-9876.00275

Baker, D.B., R. Confesor, D.E. Ewing, L.T. Johnson, ] W. Kramer, and B.J. Merry-
field. 2014. Phosphorus loading to Lake Erie from the Maumee, Sandusky,
and Cuyahoga Rivers: The importance of bioavailability. J. Great Lakes
Res. 40(3):502-517. doi:10.1016/j.jglr.2014.05.001

Baker, D.B., R.P. Richards, T.T. Loftus, and J.W. Kramer. 2004. A new flashiness
index: Characteristics and applications to midwestern rivers and streams. J.
Am. Water Resour. Assoc.40(2):503-522.doi:10.1111/j.1752-1688.2004.
tb01046.x

Bates, D., M. Maechler, B. Bolker, and S. Walker. 2015. Fitting linear mixed-
effects models using Ime4. J. Stat. Softw. 67(1):1-48. doi:10.18637/jss.
v067.i01

Bol, R., G. Gruau, P.E. Mellander, R. Dupas, M. Bechmann, E. Skarbovik, M.
Bieroza, E. Djodjic, M. Glendell, P. Jordan, B. Van der Grift, M. Rode, E.
Smolders, M. Verbeeck, S. Gu, E. Klumpp, I. Pohle, M. Fresne, and C.
Gascuel-Odoux. 2018. Challenges of reducing phosphorus based water
eutrophication in the agricultural landscapes of northwest Europe. Front.
Mar. Sci. 5:276. doi:10.3389/fmars.2018.00276

Bond, N.R. 2015. hydrostats: Hydrologic indices for daily time series data. R
package version 0.2.4. https://github.com/nickbond/hydrostats.

Bowes, MJ., N.L. Ings, S.J. McCall, A. Warwick, C. Barrett, H.D. Wickham,
S.A. Harman, LK. Armstrong, P.M. Scarlett, C. Roberts, K. Lehmann,
and A.C. Singer. 2012. Nutrient and light limitation of periphyton in the
River Thames: Implications for catchment management. Sci. Total Envi-
ron. 434:201-212. doi:10.1016/j.scitotenv.2011.09.082

Breiman, L., J.H. Friedman, R.A. Olshen, and C.J. Stone. 1984. Classification
and regression trees. Chapman & Hall, London.

Burnham, K.P,, and D.R. Anderson. 2002. Model selection and multimodel in-
ference: A practical information—theoretic approach. Springer, New York.

Cha, Y.K,, . Alameddine, S.S. Qian, and C.A. Stow. 2016. A cross-scale view of
N and P limitation using a Bayesian hierarchical model. Limnol. Oceanogr.
61(6):2276-2285. d0i:10.1002/1n0.10375

Crnkovic, C.M., D.S. May, and J. Orjala. 2018. The impact of culture conditions
on growth and metabolomic profiles of freshwater cyanobacteria. J. Appl.
Phycol. 30(1):375-384. doi:10.1007/s10811-017-1275-3

Daldorph, P. 2017. Source apportionment of nutrient contributions to
rivers in England and Wales modelled with SAGIS. NERC Envi-
ronmental Information Data Center. https://catalogue.ceh.ac.uk/
documents/8c5d9e38-0244-4a39-8600-285513a6fec.

Dodds, W.K., and V.H. Smith. 2016. Nitrogen, phosphorus, and eutrophication
in streams. Inland Waters 6:155-164. doi:10.5268/TW-6.2.909

Doody, D.G., PJ.A. Withers, R.M. Dils, RW. McDowell, V. Smith, Y.R. McElar-
ney, M. Dunbar, and D. Daly. 2016. Optimizing land use for the delivery
of catchment ecosystem services. Front. Ecol. Environ. 14(6):325-332.
doi:10.1002/fee.1296

Dupas, R., BW. Abbott, C. Minaudo, and O. Fovet. 2019. Distribution of land-
scape units within catchments influences nutrient export dynamics. Front.
Environ. Sci. 7(April):1-8. doi:10.3389/fenvs.2019.00043

Egemose, S., and H.S. Jensen. 2009. Phosphorus forms in urban and agricultural
runoff: Implications for management of Danish Lake Nordborg. Lake Res-
ervoir Manage. 25(4):410-418. doi:10.1080/07438140903413228

Ekholm, P., and K. Krogerus. 2003. Determining algal-available phosphorus of
differing origin: Routine phosphorus analyses versus algal assays. Hydro-
biologia 492(1-3):29-42. doi:10.1023/A:1024857626784

Ekholm, P., H. Rita, H. Pitkinen, P. Rantanen, J. Pekkarinen, and U. Miinster.
2009. Algal-available phosphorus entering the Gulf of Finland as estimated
by algal assays and chemical analyses. J. Environ. Qual. 38(6):2322-2333.
doi:10.2134/jeq2008.0356

Ellison, M.E., and M.T. Brett. 2006. Particulate phosphorus bioavailability as
a function of stream flow and land cover. Water Res. 40(6):1258-1268.
d0i:10.1016/j.watres.2006.01.016

Feld, CK., P. Segurado, and C. Gutiérrez-Cénovas. 2016. Analysing the im-
pact of multiple stressors in aquatic biomonitoring data: A ‘cookbook’
with applications in R. Sci. Total Environ. 573(August):1320-1339.
doi:10.1016/j.scitotenv.2016.06.243

Gieswein, A., D. Hering, and CK. Feld. 2017. Additive effects prevail:
The response of biota to multiple stressors in an intensively moni-
tored watershed. Sci. Total Environ. 593-594:27-35. doi:10.1016/j.
scitotenv.2017.03.116

Glendell, M., M. Stutter, L. Pohle, J. Palarea, J. Potts, and L. May. 2019. Factor-
ing ecological significance of sources into phosphorus source apportion-
ment: Phase 2. CRW2017 09. Scotland’s Centre of Expertise for Waters.
(In press.)

Golden, H.E., CR. Lane, A.G. Prues, and E. D’Amico. 2016. Boosted regres-
sion tree models to explain watershed nutrient concentrations and
biological condition. J. Am. Water Resour. Assoc. 52(5):1251-1274.
doi:10.1111/1752-1688.12447

Gutiérrez-Canovas, C., P. Arribas, L. Naselli-Flores, N. Bennas, M. Finocchiaro,
A. Milldn, and J. Velasco. 2019. Evaluating anthropogenic impacts on
naturally stressed ecosystems : Revisiting river classifications and biomoni-
toring metrics along salinity gradients. Sci. Total Environ. 658:912-921.
doi:10.1016/j.scitotenv.2018.12.253

Harris, G.P.,, and A.L. Heathwaite. 2012. Why is achieving good ecologi-
cal outcomes in rivers so difficult? Freshw. Biol. 57(SUPPL. 1):91-107.
doi:10.1111/j.1365-2427.2011.02640.x

1344

Journal of Environmental Quality


https://doi.org/10.1007/978-94-009-4109-0
https://doi.org/10.1111/1467-9876.00275
https://doi.org/10.1016/j.jglr.2014.05.001
https://doi.org/10.1111/j.1752-1688.2004.tb01046.x
https://doi.org/10.1111/j.1752-1688.2004.tb01046.x
https://doi.org/10.18637/jss.v067.i01
https://doi.org/10.18637/jss.v067.i01
https://doi.org/10.3389/fmars.2018.00276
https://github.com/nickbond/hydrostats
https://doi.org/10.1016/j.scitotenv.2011.09.082
https://doi.org/10.1002/lno.10375
https://doi.org/10.1007/s10811-017-1275-3
https://catalogue.ceh.ac.uk/documents/8c5d9e38-0244-4a39-8600-a85513a6fecf
https://catalogue.ceh.ac.uk/documents/8c5d9e38-0244-4a39-8600-a85513a6fecf
https://doi.org/10.5268/IW-6.2.909
https://doi.org/10.1002/fee.1296
https://doi.org/10.1023/A:1024857626784
https://doi.org/10.2134/jeq2008.0356
https://doi.org/10.1016/j.watres.2006.01.016
https://doi.org/10.1016/j.scitotenv.2016.06.243
https://doi.org/10.1016/j.scitotenv.2017.03.116
https://doi.org/10.1016/j.scitotenv.2017.03.116
https://doi.org/10.1111/1752-1688.12447
https://doi.org/10.1016/j.scitotenv.2018.12.253
https://doi.org/10.1111/j.1365-2427.2011.02640.x

Hashemi, F, J.E. Olesen, T. Dalgaard, and C.D. Bergesen. 2016. Review of sce-
nario analyses to reduce agricultural nitrogen and phosphorus loading to
the aquatic environment. Sci. Total Environ. 573:608-626. doi:10.1016/j.
scitotenv.2016.08.141

Herrero, A., C. Gutiérrez-Cénovas, O. Vigiak, S. Lutz, R. Kumar, D. Gampe,
V. Huber-Garcia, R. Ludwig, R. Batalla, and S. Sabater. 2018. Multiple
stressor effects on biological quality elements in the Ebro River: Present
diagnosis and predicted responses. Sci. Total Environ. 630:1608-1618.
doi:10.1016/j.scitotenv.2018.02.032

Hipsey, M.R., D.P. Hamilton, P.C. Hanson, C.C. Carey, J.Z. Coletti, J.S. Read,
B.W.Ibelings, FJ. Valesini, and J.D. Brookes. 2015. Predicting the resilience
and recovery of aquatic systems: A framework for model evolution with-
in environmental observatories. Water Resour. Res. 51(9):7023-7043.
doi:10.1002/2015WR017175

Jarvie, H.P., A.N. Sharpley, PJ.A. Withers, J.T. Scott, B.E. Haggard, and C.
Neal. 2013. Phosphorus mitigation to control river eutrophication: Murky
waters, inconvenient truths, and “postnormal” science. J. Environ. Qual.
42(2):295-304. doi:10.2134/jeq2012.0085

Jarvie, H.P., D.R. Smith, L.R. Norton, EK. Edwards, M.J. Bowes, S.M.
King, P. Scarlett, S. Davies, R.M. Dils, and N. Bachiller-Jareno. 2018.
Phosphorus and nitrogen limitation and impairment of headwater
streams relative to rivers in Great Britain: A national perspective on
cutrophication. Sci. Total Environ. 621:849-862. doi:10.1016/j.
scitotenv.2017.11.128

Jordan, P., W. Menary, K. Daly, G. Kiely, G. Morgan, P. Byrne, and R. Moles.
2005. Patterns and processes of phosphorus transfer from Irish grassland
soils to rivers: Integration of laboratory and catchment studies. J. Hydrol.
304(1-4):20-34. doi:10.1016/j.jhydrol.2004.07.021

Kath, J., JR. Thomson, R.M. Thompson, B.J. Kefford, EJ. Dyer, and R. Mac.
2018. Interactions among stressors may be weak : Implications for manage-
ment of freshwater macroinvertebrate communities. Divers. Distrib. 24:
939-950. doi:10.1111/ddi.12737

Kelly, M. 2013. Data rich, information poor? Phytobenthos assessment and the
Water Framework Directive. Eur. J. Phycol. 48(4):437-450. doi:10.1080/
09670262.2013.852694

Kelly, M.G., C. Gémez-Rodriguez, M. Kahlert, S.EP. Almeida, C. Bennett,
M. Bottin, F. Delmas, J.P. Descy, G. Dorflinger, B. Kennedy, P. Marvan,
L. Opatrilova, L. Pardo, P. Pfister, J. Roscbery, S. Schneider, and S. Vil-
baste. 2012. Establishing expectations for pan-European diatom based
ecological status assessments. Ecol. Indic. 20:177-186. doi:10.1016/j.
ecolind.2012.02.020

Kelly, M., S. Juggins, R. Guthrie, S. Pritchard, J. Jamieson, B. Rippey, H. Hirst, and
M. Yallop. 2008. Assessment of ecological status in UK rivers using diatoms.
Freshw. Biol. 53(2):403-422. doi:10.1111/j.1365-2427.2007.01903.x

King, R.S., M.E. Baker, P.F. Kazyak, and D.E. Weller. 2011. How novel
is too novel? Stream community thresholds at exceptionally low
levels of catchment urbanization. Ecol. Appl. 21(5):1659-1678.
doi:10.1890/10-1357.1

King, R.S., M.E. Baker, D.F. Whigham, D.E. Weller, T.E. Jordan, P.F. Kazyak,
and M.K. Hurd. 2005. Spatial considerations for linking watershed land
cover to ccological indicators in streams. Ecol. Appl. 15(1):137-153.
doi:10.1890/04-0481

Kreiling, R.M., M.C. Thoms, and W.B. Richardson. 2017. Beyond the edge:
Linking agricultural landscapes, stream networks, and best management
practices. J. Environ. Qual. 47(1):42-53. doi:10.2134/j¢q2017.08.0319

Le Moal, M., C. Gascuel-Odoux, A. Ménesguen, Y. Souchon, C. Euillard, A.
Levain, F. Moatar, A. Pannard, P. Souchu, A. Lefebvre, and G. Pinay. 2019.
Eutrophication: A new wine in an old bottle? Sci. Total Environ. 651:1—
11. doi:10.1016/j.scitotenv.2018.09.139

Li, B, and M.T. Brett. 2015. The relationship between operational and bioavail-
able phosphorus fractions in effluents from advanced nutrient removal
systems. Int. J. Environ. Sci. Technol. 12(10):3317-3328. doi:10.1007/
s13762-015-0760-y

McCall, S.J., M.S. Hale, J.T. Smith, D.S. Read, and M.J. Bowes. 2017. Impacts of
phosphorus concentration and light intensity on river periphyton biomass
and community structure. Hydrobiologia 792(1):315-330. doi:10.1007/
$10750-016-3067-1

McCluney, K.E., N.L. Poff, M.A. Palmer, J.H. Thorp, G.C. Poole, B.S. Williams,
M.R. Williams, and ].S. Baron. 2014. Riverine macrosystems ecology: Sen-
sitivity, resistance, and resilience of whole river basins with human altera-
tions. Front. Ecol. Environ. 12(1):48-58. doi:10.1890/120367

McDowell, RW., R.M. Dils, A.L. Collins, K.A. Flahive, A.N. Sharpley, and J.
Quinn. 2016. A review of the policies and implementation of practices to
decrease water quality impairment by phosphorus in New Zealand, the
UK, and the US. Nutr. Cycl. Agroccosyst. 104(3):289-305. doi:10.1007/
$10705-015-9727-0

Meissner, T., B. Sures, and C.K. Feld. 2019. Multiple stressors and the role of
hydrology on benthic invertebrates in mountainous streams. Sci. Total En-
viron. 663:841-851. doi:10.1016/j.scitotenv.2019.01.288

Morton, D., C. Rowland, C. Wood, L. Meck, C. Marston, G. Smith, and I.C.
Simpson. 2011. Final report for LCM2007—the new UK land cover map.
NERC/Centre for Ecology & Hydrology, Swindon, UK.

Munn, M.D., I. Waite, and C.P. Konrad. 2018. Assessing the influence of mul-
tiple stressors on stream diatom metrics in the upper Midwest, USA. Ecol.
Indic. 85:1239-1248. doi:10.1016/j.ccolind.2017.09.005

Nakagawa, S., P.C.D. Johnson, and H. Schielzeth. 2017. The coefficient of de-
termination R2 and intra-class correlation coefhicient from generalized
linear mixed-effects models revisited and expanded. J. R. Soc. Interface
14(134):20170213. doi:10.1098/1sif.2017.0213

Noges, P, C. Argillier, A. Borja, .M. Garmendia, J.J. Hanganu, V. Kode3, F.
Pletterbauer, A. Sagouis, and S. Birk. 2016. Quantified biotic and abiotic
responses to multiple stress in freshwater, marine and ground waters. Sci.
Total Environ. 540:43-52. doi:10.1016/j.scitotenv.2015.06.045

Oliveira, M., and A. V Machado. 2013. The role of phosphorus on eutrophica-
tion : A historical review and future perspectives. Environ. Technol. Rev.
2(1):117-127. doi:10.1080/21622515.2013.861877

Pacerl, HW., J.T. Scott, M.J. McCarthy, S.E. Newell, W.S. Gardner, K.E. Havens,
D.K. Hoffman, SW. Wilhelm, and W.A. Wurtsbaugh. 2016. It takes two
to tango: When and where dual nutrient (N & P) reductions are need-
ed to protect lakes and downstream ecosystems. Environ. Sci. Technol.
50(20):10805-10813. doi:10.1021/acs.est.6b02575

Palarea-Albaladejo, J., J.A. Rooke, LM. Nevison, and R.J. Dewhurst. 2017. Com-
positional mixed modeling of methane emissions and ruminal volatile
fatty acids from individual cattle and multiple experiments. J. Anim. Sci.
95(6):2467-2480.

Pardé, M. 1947. Fleuves et rivieres. Colin, Paris.

Pawlowsky-Glahn, V., J.J. Egozcue, and R. Tolosana-Delgado. 2015. Model-
ing and analysis of compositional data. John Wiley & Sons, Chichester,
UK.

Poikane, S., M. Kelly, and M. Cantonati. 2016. Benthic algal assessment of eco-
logical status in European lakes and rivers: Challenges and opportunities.
Sci. Total Environ. 568:603-613. doi:10.1016/j.scitotenv.2016.02.027

Poirier, S.C., J. K. Whalen, and A.R. Michaud. 2012. Bioavailable phosphorus in
fine-sized sediments transported from agricultural fields. Soil Sci. Soc. Am.
J.76:258-267. doi:10.2136/s552j2010.0441

Prestigiacomo, A.R., SW. Effler, R.K. Gelda, D.A. Matthews, M.T. Auer, B.E.
Downer, A. Kuczynski, and M.T. Walter. 2016. Apportionment of bio-
available phosphorus loads entering Cayuga Lake, New York. J. Am. Water
Resour. Assoc. 52(1):31-47. doi:10.1111/1752-1688.12366

Pretty, J., and Z.P. Bharucha. 2014. Sustainable intensification in agricultural sys-
tems. Ann. Bot. 114(8):1571-1596. doi:10.1093/aob/mcu205

R Core Team. 2018. R: A language and environment for statistical computing.
R Foundation for Statistical Computing, Vienna. http://www.r-project.
org/.

Rankinen, K., J.E.C. Bernal, M. Holmberg, K. Vuorio, and K. Granlund. 2019.
Identifying multiple stressors that influence eutrophication in a Finn-
ish agricultural river. Sci. Total Environ. 658:1278-1292. doi:10.1016/j.
scitotenv.2018.12.294

Richards, S., E. Paterson, PJ.A. Withers, and M. Stutter. 2016. Septic tank dis-
charges as multi-pollutant hotspots in catchments. Sci. Total Environ.
542:854-863. doi:10.1016/j.scitotenv.2015.10.160

Roberts, W.M., R.M. Fealy, D.G. Doody, P. Jordan, and K. Daly. 2016. Esti-
mating the effects of land use at different scales on high ecological status
in Irish rivers. Sci. Total Environ. 572(May):618-625. doi:10.1016/j.
scitotenv.2016.04.011

Segurado, P., C. Almeida, R. Neves, M. Teresa, P. Branco, M.T. Ferreira, P. Bran-
co, M. Teresa, and P. Branco. 2018. Understanding multiple stressors in
a Mediterrancan basin: Combined effects of land use, water scarcity and
nutrient enrichment. Sci. Total Environ. 624:1221-1233. doi:10.1016/j.
scitotenv.2017.12.201

Sela,R.J.,,and J.S. Simonoff. 2012. RE-EM trees: A data mining approach for lon-
gitudinal and clustered data. Mach. Learn. 86(2):169-207. doi:10.1007/
$10994-011-5258-3

Sharpley, A.N., L. Bergstrom, H. Aronsson, M. Bechmann, C.H. Bolster, K. Bor-
ling, F. Djodjic, H.P. Jarvie, O.F. Schoumans, C. Stamm, K.S. Tonderski, B.
Ulén, R. Uusitalo, and PJ.A. Withers. 2015. Future agriculture with mini-
mized phosphorus losses to waters: Research needs and direction. Ambio
44(82):163-179. doi:10.1007/s13280-014-0612-x

Sharpley, A., H. Jarvie, D. Flaten, and P. Kleinman. 2018. Celebrating the
350th anniversary of phosphorus discovery: A conundrum of defi-
ciency and excess. J. Environ. Qual. 47(4):774-777. doi:10.2134/
jeq2018.05.0170

Journal of Environmental Quality

1345


https://doi.org/10.1016/j.scitotenv.2016.08.141
https://doi.org/10.1016/j.scitotenv.2016.08.141
https://doi.org/10.1016/j.scitotenv.2018.02.032
https://doi.org/10.1002/2015WR017175
https://doi.org/10.2134/jeq2012.0085
https://doi.org/10.1016/j.scitotenv.2017.11.128
https://doi.org/10.1016/j.scitotenv.2017.11.128
https://doi.org/10.1016/j.jhydrol.2004.07.021
https://doi.org/10.1080/09670262.2013.852694
https://doi.org/10.1080/09670262.2013.852694
https://doi.org/10.1016/j.ecolind.2012.02.020
https://doi.org/10.1016/j.ecolind.2012.02.020
https://doi.org/10.1890/10-1357.1
https://doi.org/10.1890/04-0481
http://dx.doi.org/10.2134/jeq2017.08.0319
https://doi.org/10.1016/j.scitotenv.2018.09.139
https://doi.org/10.1007/s13762-015-0760-y
https://doi.org/10.1007/s13762-015-0760-y
https://doi.org/10.1007/s10750-016-3067-1
https://doi.org/10.1007/s10750-016-3067-1
https://doi.org/10.1890/120367
https://doi.org/10.1007/s10705-015-9727-0
https://doi.org/10.1007/s10705-015-9727-0
https://doi.org/10.1016/j.scitotenv.2019.01.288
https://doi.org/10.1016/j.ecolind.2017.09.005
https://doi.org/10.1098/rsif.2017.0213
https://doi.org/10.1016/j.scitotenv.2015.06.045
https://doi.org/10.1080/21622515.2013.861877
https://doi.org/10.1021/acs.est.6b02575
https://doi.org/10.1016/j.scitotenv.2016.02.027
https://doi.org/10.2136/sssaj2010.0441
https://doi.org/10.1111/1752-1688.12366
https://doi.org/10.1093/aob/mcu205
http://www.r-project.org
http://www.r-project.org
https://doi.org/10.1016/j.scitotenv.2018.12.294
https://doi.org/10.1016/j.scitotenv.2018.12.294
https://doi.org/10.1016/j.scitotenv.2015.10.160
https://doi.org/10.1016/j.scitotenv.2016.04.011
https://doi.org/10.1016/j.scitotenv.2016.04.011
https://doi.org/10.1016/j.scitotenv.2017.12.201
https://doi.org/10.1016/j.scitotenv.2017.12.201
https://doi.org/10.1007/s10994-011-5258-3
https://doi.org/10.1007/s10994-011-5258-3
https://doi.org/10.1007/s13280-014-0612-x
https://doi.org/10.2134/jeq2018.05.0170
https://doi.org/10.2134/jeq2018.05.0170

Shore, M., S. Murphy, P.E. Mellander, G. Shortle, A.R. Melland, L. Crockford,
V. O’Flaherty, L. Williams, G. Morgan, and P. Jordan. 2017. Influence of
stormflow and baseflow phosphorus pressures on stream ecology in agri-
cultural catchments. Sci. Total Environ. 590-591:469-483. doi:10.1016/j.
scitotenv.2017.02.100

Soulsby, C., C. Gibbins, A.J. Wade, R. Smart, and R. Helliwell. 2002. Water
quality in the Scottish uplands: A hydrological perspective on catch-
ment hydrochemistry. Sci. Total Environ. 294(1-3):73-94. doi:10.1016/
$0048-9697(02)00057-8

Stamm, C., H.P. Jarvie, and T. Scott. 2014. What’s more important for manag-
ing phosphorus: Loads, concentrations, or both? Environ. Sci. Technol.
48(1):23-24. d0i:10.1021/es405148¢

Stevenson, J. 2014. Ecological assessments with algae: A review and synthesis. J.
Phycol. 50(3):437-461. doi:10.1111/jpy.12189

Stutter, M.I, WJ. Chardon, and B. Kronvang. 2012. Riparian buffer strips as a
multifunctional management tool in agricultural landscapes: Introduc-
tion. J. Environ. Qual. 41:297-303. doi:10.2134/jeq2011.0439

Stutter, M.L, D. Graeber, C.D. Evans, A.]. Wade, and P.J.A. Withers. 2018. Bal-
ancing macronutrient stoichiometry to alleviate eutrophication. Sci. Total
Environ. 634:439-447. doi:10.1016/j.scitotenv.2018.03.298

Stutter, ML, L. Jackson-Blake, L. May, and S. Richards. 2014. Factoring ecologi-
cal significance of sources into phosphorus source apportionment. Scot-
land’s Centre of Expertise for Waters. https://www.crew.ac.uk/sites/www.
crew.ac.uk/files/sites/default/files/publication/Factoring%20Ecologi-
cal%20Significance%200f%20Sources%20into%20Phosphorus%20%20
9%20%20%20%20%20Source%20Apportionment.pdf.

Teittinen, A., M. Taka, O. Ruth, and J. Soininen. 2015. Variation in stream
diatom communities in relation to water quality and catchment variables
in a boreal, urbanized region. Sci. Total Environ. 530-531:279-289.
d0i:10.1016/j.scitotenv.2015.05.101

UKTAG. 2014. UKTAG river assessment method macrophytes and phytoben-
thos: Diatoms for assessing river and lake ecological quality (River DAR-
LEQ2). WFD-UKTAG, Stirling, UK.

van den Boogaart, A.K.G., R. Tolosana-Delgado, M. Bren, and M.K.G. Van Den
Boogaart. 2018. Package “compositions.” http://www.stat.boogaart.de/
compositions.

Viglione, A., J. Parajka, M. Rogger, ].L. Salinas, G. Laaha, M. Sivapalan, and G.
Bléschl. 2013. Comparative assessment of predictions in ungauged basins:
Part 3. Runoff signatures in Austria. Hydrol. Earth Syst. Sci.17(6):2263~
2279.d0i:10.5194/hess-17-2263-2013

Villeneuve, B., J. Piffady, L. Valette, Y. Souchon, and P. Usseglio-Polatera. 2018.
Direct and indirect effects of multiple stressors on stream invertebrates
across watershed, reach and site scales: A structural equation modelling
better informing on hydromorphological impacts. Sci. Total Environ.
612:660-671. doi:10.1016/j.scitotenv.2017.08.197

Wagenhoft, A., J.E. Clapcott, K.E.M. Lau, G.D. Lewis, and R.G. Young. 2017a.
Identifying congruence in stream assemblage thresholds in response to nu-
trient and sediment gradients for limit setting. Ecol. Appl. 27(2):469-484.
doi:10.1002/eap.1457

Wagenhoff, A., A. Liess, A. Pastor, J.E. Clapcott, E.O. Goodwin, and R.G.
Young. 2017b. Thresholds in ecosystem structural and functional respons-
es to agricultural stressors can inform limit setting in streams. Freshw. Sci.
36(1):178-194. doi:10.1086/690233

Withers, P., and H. Jarvie. 2008. Delivery and cycling of phosphorus in
rivers: A review. Sci. Total Environ. 400:379-395. doi:10.1016/j.
scitotenv.2008.08.002

Withers, P.J.A., C. Neal, H.P. Jarvie, and D.G. Doody. 2014. Agriculture and
eutrophication: Where do we go from here? Sustainability 6:5853-5875.
d0i:10.3390/5u6095853

Wu, N., H. Thodsen, H.E. Andersen, H. Tornbjerg, A. Baattrup-Pedersen, and
T. Riis. 2019. Flow regimes filter species traits of benthic diatom com-
munities and modify the functional features of lowland streams: A na-
tionwide scale study. Sci. Total Environ. 651(1):357-366. doi:10.1016/j.
scitotenv.2018.09.210

Zambrano-Bigiarini, M. 2015. hydroTSM: Time series management, analysis
and interpolation for hydrological modelling. R package. Version 0.4-2-1.
do0i:10.5281/zenodo.83964.

Zuur, A.E, E.N. Ieno, N.J. Walker, A.A. Saveliev, and G.M. Smith. 2009. Mixed
effects models and extensions in ecology with R. Springer, New York.

doi:10.1007/978-0-387-87458-6

1346

Journal of Environmental Quality


https://doi.org/10.1016/j.scitotenv.2017.02.100
https://doi.org/10.1016/j.scitotenv.2017.02.100
https://doi.org/10.1016/S0048-9697(02)00057-8
https://doi.org/10.1016/S0048-9697(02)00057-8
https://doi.org/10.1021/es405148c
https://doi.org/10.2134/jeq2011.0439
https://doi.org/10.1016/j.scitotenv.2018.03.298
https://www.crew.ac.uk/sites/www.crew.ac.uk/files/sites/default/files/publication/Factoring%20Ecological%20Significance%20of%20Sources%20into%20Phosphorus%20%20%20%20%20%20%20Source%20Apportionment.pdf
https://www.crew.ac.uk/sites/www.crew.ac.uk/files/sites/default/files/publication/Factoring%20Ecological%20Significance%20of%20Sources%20into%20Phosphorus%20%20%20%20%20%20%20Source%20Apportionment.pdf
https://www.crew.ac.uk/sites/www.crew.ac.uk/files/sites/default/files/publication/Factoring%20Ecological%20Significance%20of%20Sources%20into%20Phosphorus%20%20%20%20%20%20%20Source%20Apportionment.pdf
https://www.crew.ac.uk/sites/www.crew.ac.uk/files/sites/default/files/publication/Factoring%20Ecological%20Significance%20of%20Sources%20into%20Phosphorus%20%20%20%20%20%20%20Source%20Apportionment.pdf
https://doi.org/10.1016/j.scitotenv.2015.05.101
http://www.stat.boogaart.de/compositions
http://www.stat.boogaart.de/compositions
https://doi.org/10.1016/j.scitotenv.2017.08.197
https://doi.org/10.1002/eap.1457
https://doi.org/10.1086/690233
https://doi.org/10.1016/j.scitotenv.2008.08.002
https://doi.org/10.1016/j.scitotenv.2008.08.002
https://doi.org/10.3390/su6095853
https://doi.org/10.1007/978-0-387-87458-6



