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Abstract

Phosphorus (P) load apportionment models (LAMs), requiring only spatially and temporally paired P
and flow (Q) measurements, provide outputs of variable accuracy using long-term monthly datasets.
Using a novel approach to investigate the impact of catchment characteristics on accuracy variation,
91 watercourses Q-P datasets were applied to two LAMs, BM and GM, and bootstrapped to ascertain
standard errors (SEs). Random forest and regression analysis on data pertaining to catchments’ land
use, steepness, size, base flow and sinuosity were used to identify the individual relative importance
of a variable on SE. For BM, increasing urban cover was influential on raising SEs, accounting for
¢.19% of observed variation, whilst analysis for GM found no individually important catchment
characteristic. Assessment of model fit evidenced BM consistently outperformed GM, modelling P
values to £ 10% of actual P values in 85.7% of datasets, as opposed to 17.6% by GM. Further
catchment characteristics are needed to account for SE variation within both models, whilst interaction
between variables may also be present. Future research should focus on quantifying these possible
interactions and should expand catchment characteristics included within the random forest. Both
LAMs must also be tested on a wide range of high temporal resolution datasets to ascertain if they
can adequately model storm events in catchments with diverse characteristics.

Introduction

The trophic status and risk of eutrophication within watercourses is heavily influenced by phosphorus
(P) concentrations (Sharpley, 2016; Omari et al., 2019). So severe is the threat posed by the nutrient
that excessive presence is the most common reason for failure to achieve Good Ecological Status, as
defined by the Water Framework Directive (2000), in UK waterbodies (Leaf, 2018). To effectively target
resources at reducing P loads, accurate identification of the nutrient’s origin is required (Bowes et al.,
2014), with alternative load apportionment models (LAMs) proposed by Bowes et al. (2008) and Greene
et al. (2011) to undertake this task; henceforth referred to as BM and GM respectively. Both models
require spatially and temporally matched P and flow (Q) measurements, meaning they offer a cost- and
labour-efficient tool compared to export coefficient and geographical information systems-based
approaches (Bowes et al., 2008; Greene et al., 2011). The models exploit an, ostensibly, fundamental
difference in the observed Q-P relationship when P is derived from point sources, such as wastewater
treatment plants, or diffuse sources, such as agricultural fertiliser. The former is largely independent of
river flow, as P does not usually require transport to the watercourse via rainfall, whereas the latter is
dependent on mobilisation via precipitation. Therefore, in point source dominated rivers P concentration
should decrease as a function of Q, due to dilution, whereas the opposite would be true for diffuse
pollution. Details of model functions and dissimilarities are available in Crockford et al. (2017).

Despite initial studies asserting their accuracy (Bowes et al., 2008; Bowes et al., 2009; Bowes et al.,
2010; Greene et al., 2011), Crockford et al. (2017) found both LAMs (BM and GM) are prone to
substantial errors by calculating certainty statistics for each model under varying sampling temporal
frequencies. The authors concluded this having used high frequency data from a river in Ireland and
the statistical method of bootstrapping (Efron, 1979) to enable the calculation of standard errors (SEs)
when the LAMs were applied to Q-P datasets. Crockford et al. (2017) went on to make the
recommendation of using bootstrapping to ascertain accuracy levels of further datasets to understand
the applicability and reliability of these LAMs. By doing so in a diverse range of catchments, statistical
analysis of catchment characteristics could infer their influence on LAM accuracy, and may provide
further insight into where the models would be best utilised or avoided. Validating the accuracy of these
modelling methods is extremely important, as they continue to be used to apportion P load in rivers,
e.g. BM has recently been used to forecast the impact of climate change influences on P loadings,
realising the possible application of these models in varied catchments (Charlton et al., 2018).

To address this knowledge gap, secondary Q and P data from 136 watercourses (Figure 1) throughout
Britain were used to calculate point source apportionment according to both BM and GM, with results
bootstrapped (N=2000) and applied to high frequency Q data to provide SE estimates for each method.
The data used here comprised all that were available from the Environment Agency and the National
River Flow Archive (NRFA) constrained by proximity as explained in the methodology. Therefore, these
datasets are typical of those used by local authorities to apportion P load in a river catchment. Land
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use, base flow index, holistic catchment steepness, watercourse sinuosity and catchment size data
were then obtained, or calculated, for each catchment to facilitate investigation into the importance of
these variables on SE of model outputs. This provides a novel method for evaluating model output
variability and a framework for elucidating the drivers for model error in future studies.

Material and methods
Selection of catchment metrics

Catchment characteristics (Land Use; Baseflow Index; Catchment Steepness; Catchment Sinuosity;
Catchment Size) were selected given evidence their variability may impact observed Q-P mechanisms,
which in turn could affect assumptions of the algorithms behind each LAM. For instance, land use
causes alteration in Q flow paths, the level, dominant form and source of P (MacDonald et al., 2012;
Daryanto et al., 2017; Rogger et al., 2017; Lou et al., 2018). Baseflow index is representative of
catchment geology and soil type (Yaeger et al., 2012), the properties of which will influence P retention
(Antoniadis et al., 2016) and Q dynamics such as residence times (Maxwell et al., 2016). Catchment
steepness can cause an increase in soil erosion (Bridge and Demicco, 2008) and consequently the
transport of soil adsorbed P to watercourses, whilst increased sinuosity encourages sedimentation (He
et al., 2018), that also facilitates P adsorption. The release of this adsorbed P can occur at high flows,
indicating diffuse sources regardless of actual point source contributions (Jarvie et al., 2012). Finally,
catchment size increases can enable observation of Q variations over a longer period post rainfall event
in comparison to smaller catchments (Crochemore et al., 2018).

Acquisition of secondary phosphorus (P) and river flow (Q) data

Water quality datasets from 2010 to 2019 were obtained from the Environment Agency website (EA,
not dated) providing data for England only. Datasets were combined, filtered to remove information
pertaining to other water quality measures, and grouped according to their co-ordinates. Locations with
fewer than 50 data points were identified using Microsoft Excel COUNTIF function and removed, leaving
3358 potentially eligible datasets (dependant on Q data availability). The threshold of fewer than 50
data points was arbitrary, defined to ensure sufficient data points for the process described in “Data
preparation for Load Apportionment Modelling”, where data point removal was anticipated, leaving
sufficient numbers of data points remaining for statistical robustness.

The NRFA provided coordinates of all UK river flow gauging stations (NRFAa, 2019). These were
plotted in ArcMap 10.5.1 (ESRI, 2019) and overlaid with P sampling locations and a shapefile containing
UK rivers (OS, 2019) to facilitate visual identification of gauging stations located on the same
watercourses as P data locations. As P and Q data are collected by different agencies in the UK there
were few locations where these data were spatially matched. Therefore, data for Q (15 minute interval)
and P (collected monthly) were obtained from locations on the same stem of a river, with no watercourse
entering or exiting in-between for the period 2010 to 2019. This yielded 136 eligible datasets for
analysis.

Data preparation for Load Apportionment Modelling

R (R Core Team, 2019) was used to pair P data points to Q data points of the closest temporal proximity,
and to calculate the mean of Q data within a one hour around this point. Creating an hourly average
standardised the matching process, as simply pairing P points to the closest Q points facilitated time
difference variation between paired data points. If requisite Q data points were absent then the
respective P point was removed. Where this reduced dataset sample size to fewer than 30, which
occurred in 29 cases, the dataset was excluded. This threshold was implemented in an effort to maintain
representation of real-life data availability and a high number of datasets for analysis, whilst not using
datasets with such low levels of data that they were unsuitable for analysis.
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Determining point apportionment according to load apportionment models

Point source apportionment for each watercourse was calculated using algorithms extracted from
Bowes et al. (2008) and Greene et al. (2011), equations 1 and 2 respectively. For BM, the B variable
was constrained to 0 (following Bowes et al., 2010 and Charlton et al., 2018). Bootstrapping
(N=2000) using high frequency Q data was then undertaken to calculate output SE using the phoslam
package in R (O’Riordain and Crockford, 2014). Due to error messages from model fit a further
sixteen datasets were incompatible and were discounted.

(Equation 1)

P=A.QF 1+ C.QP7!
where P is phosphorus concentration, Q is flow, A, B (=0), C and D (1) are time-invariable coefficients.
(Equation 2)

P=aQ '+ bQ + cQ?

where P is phosphorus concentration, Q is flow and a, b and ¢ are time-invariable coefficients.
Acquisition and calculation of catchment metrics

For remaining datasets shapefiles detailing catchment boundaries and size for each Q sampling point
were sourced from the NRFA (NRFAb, 2019) along with statistics on land-use, baseflow index and
holistic steepness of catchments available from NRFAb (2019; detailed in Table 1). Finally, a sinuosity
index score for each watercourse was calculated using equation 3, as employed by Yu (2017).

(Equation 3)

L
T Ly

where S is sinuosity, L is the length of the river following all curves and Lv is the length between these
points following a direct path.

To obtain metrics for equation 3, a UK river shapefile (OS, 2019) was overlaid with each catchment
boundary in ArcMap 10.5.1. Using the clip function the river layer was reduced so only watercourses
within individual catchments were present, with the resultant attribute table containing the length of
these watercourse polygons which could be appropriately selected and totalled, whilst the measure
function was utilised to provide Lv measurements. In total, nine catchment metrics (Table 1) were
provided as explanatory variables to observed SE variation.

Statistical analysis methodology

All data was combined into one dataset (Appendix 1), and analysed in R using a range of packages
and functions; denoted in text by ‘Package’:function. If not specified, functions were present in the base
package.

Summary statistics, normality testing, data transformation and model SE correlation

The mean, standard deviation, median and quartile statistics were calculated for each variable. To test
normality, histograms were plotted and the Anderson-Darling p statistic calculated, using
‘nortest’:ad.test (Ligges, 2015). Those variables evidencing non-normal distribution were logarithmically
transformed to coerce data into normal, or closer to normal, distribution. Where this resulted in negative
numbers each dataset value was increased by one (Fletcher et al., 2005). Spearman’s correlation
analysis was also undertaken between BM and GM to ascertain if any association was present.
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Random Forest Analysis

To identify relative importance of individual explanatory variables on SE obtained from BM and GM,
random forest analysis was undertaken, using ‘randomForest:randomfForest (Liaw, 2018). The
analysis, based on the algorithm by Breiman (2001), created a series of decision trees (questions with
multiple answers regarding the explanatory variables) by randomly sub-sampling the dataset (Ekstrgm,
2016). Thus, machine-learning was employed to identify the relative importance of explanatory
variables in correctly predicting the response variable category (Cutler et al., 2007), measured by Mean
Decrease of Accuracy (MDA) and the Gini Index. Specifically, the MDA value provided a measure of
loss in predictive performance when a variable was removed or permutated (San Diego University,
2017). The Gini Index measures node purity after each split (question) in the decision tree. Node purity
refers to homogeneity of data categories contained within a child node after a split in the decision tree.
The Gini coefficient for all nodes were summed and normalised for each variable individually to provide
a ranking (San Diego University, 2017). Out of Bag Error (OOB) statistics were also calculated, which
detail overall prediction error rate for the model built by the random forest, whilst error rates for the
prediction of individual response variable categories were also provided in the output.

For the random forest analysis, the continuous response variable was converted to categorical data,
with a similar number of data points within categories to minimise bias in correctly predicting an
individual category. Thus, SE was split into three categories (low, medium, high) with 30, 30 and 31
points respectively; reflecting the interest in change of SE across datasets in general as opposed to SE
beyond a given threshold.

Three forests were grown for each dataset (BM SE or GM SE) to enable comparison of model outputs
for the individual datasets and so ensure outputs were consistent when different start points of random
data selection were specified via the set.seed function. The number of trees grown within each forest
was 500 to ensure each dataset row (individual catchments) would be predicted more than once but
not oversampled. Numerical results of explanatory variable importance were scaled to the variable with
the largest score.

Correlation and regression analysis of variables identified as most important in Random Forest
testing

Where Random Forest analysis evidenced individual explanatory variables were important in predicting
response variables, further testing was undertaken to quantify the strength of potential univariate
relationships. Correlative tests were first employed to determine if relationships were present (p<0.05)
with linear regression undertaken to generate R? statistics where true. Post-hoc tests (Anderson-Darling
p statistic and Residuals vs Fitted, Normal Q-Q and Scale-Location plots) were performed to ensure
model errors had a normal distribution, which evinces statistical assumptions of linear regression are
being met (Li et al., 2012).

Where post-hoc testing suggested assumptions were violated, plots were visually examined to ascertain
if individual data points had disproportionate leverage, as linear regression is sensitive to outliers which
distort true data patterns (Fox, 2015). Where found, the linear regression and post-hoc tests were re-
run with the data points removed to evaluate their impact on model assumption violation (following
Osbourne et al., 2004) and, if errors were then normally distributed, to recalculate R? statistics.

Moreover, to understand if a relationship was present when considering the full dataset, a quantile
regression, which negates the need for normal error distribution, was undertaken using ‘quantreg’:rq
(Koenker, 2019). Model fit was compared, via AIC(k=2), to a null model created using the interaction
term ‘~1’; if the null model had a better fit it evidenced the perceived relationship could be reproduced
in a simple model which did not incorporate the explanatory variable of interest (Gotelli, 2001). Quantile
regression could not indicate the strength of relationship, as pseudo R? cannot be interpreted as the
proportion of response variability explained by the explanatory variable (Fox, 2015).
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Assessing Load Apportionment Model(s)’ fit

For each catchment, AIC values were calculated to quantify BM and GM model fit and so provide
information on which model provided the better fit. As the base package AIC function was incompatible
with phoslam, calculation of the value was undertaken in Microsoft Excel using equation 4 as set out by
Zhou et al. (2013):

(Equation 4)
2k
AlIC = - + log(RSS/n)

where k represents number of model parameters (Bowes=4 and Greene=3), n represents number of
data points and RSS sum of squared residuals.

To calculate the RSS, modelled P values from observed Q values were produced in Excel using the
BM and GM algorithms. The required parameter values for BM and GM were sourced using phoslam,
entered into the spreadsheet and linked via cell coding to the algorithm. Furthermore, the tendency of
modelled values to be greater or smaller than observed values, indicating bias, was calculated using
‘hydroGOF’;pbias (Zambrano-Bigiarini, 2017). The function returns a percentage value representing the
datasets average difference between modelled and actual values; negative values indicating
underestimation and positive values indicating overestimation.

Results

Summary statistics, normality testing, data transformation and model SE correlation

Summary statistics of all variables are contained in Table 2. Inspection of histograms and the results of
Anderson-Darling tests evinced that all variables were considered to have non-normal data distribution
and were therefore logarithmically transformed. All data except those for Catchment Size, Slope and
Grassland were increased by one prior to transformation to remove negative datapoints post
transformation. Spearman’s correlation analysis revealed a ‘strong’ (Pallant, 2016) positive correlation
between BM SE and GM SE (r=0.83, n=91, p<.001).

Random Forest Analysis

Prediction error rates

The mean OOB for the three BM forests created was 52.75% (SE: 0.64), whilst the same statistic was
61.90% (SE: 2.03) for GM forests. Mean prediction error for individual response variable categories
within the BM forests was 37.63% for ‘high’, 62.22% for ‘medium’ and 58.88% for ‘low’ (SE: 0.01 for
all). Regarding GM forests, mean prediction error was 54.83%, 73.33% and 57.78% when predicting
‘high’, ‘medium’ and ‘low’ categories (SE: 0.01, 0.01 and 0.02 respectively).

Variable importance

Scaled importance of variables, using both the MDA and Gini Index, are presented within Figure 2.
Relative importance, and order, of explanatory variables in effecting response variables was notably
different between BM and GM forest outputs. Furthermore, divergence in variable order was present
between MDA and Gini ratings within models, BM or GM forest respectively; though this pattern only
applied to the order after the variable considered of the greatest importance, which remained constant
between the two measures within models, though not between models.
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Correlation and regression analysis of variables identified as most important in Random Forest

Spearman’s correlation testing between GM SE and Catchment Size and GM SE and Slope returned
non-significant results (p=.16 and p=.23 respectively). The same test for BM SE to Urban did evidence
a relationship (p<.001), so a linear regression was undertaken (t=4.72, d.f.=89, p<.001, R?>=0.20).

Post-hoc testing of the linear regression revealed model errors were not normally distributed (p<.001),
with two outlying data point residuals (catchments 15 and 89) potentially disproportionally impacting the
linear regression result. These points were removed and the test re-run, with a notable benefit to error
normality (p=.29), though less of a change noted in model output (t=4.566, d.f.=87, p<.001 and
R?=0.19); Figure 3.

As per the methodology, a quantile regression was then undertaken on the full dataset and compared
for fit, using AIC(k=2), with a null model. The quantile regression had the better fit, evidencing that the
perceived relationship between BM SE and Urban was not able to be reproduced when no explanatory
variable was included.

Assessment of Load Apportionment Model(s) fit

AIC values evidenced the BM algorithm provided a better modelled fit to observed data in 84 of the 91
catchments. For all catchments the GM algorithm provided a higher estimate of point load
apportionment compared to BM, ranging from 1.02 to 14.66 times greater (mean: 2.15, SD: 2.18).
Percentage bias statistics evidenced model bias varied hugely (-99% to >200% and -100% to
>1000% for BM and GM respectively). Overall BM had a more consistent, lower, bias (mean: 3.3%,
SD: 32%) than GM (mean: >500% SD: >1000%), with the BM modelling P values to + 10% of actual P
values in 85.7% of datasets, opposed to GMs 17.6%.

Discussion

Relationship between catchment characteristics and the GM

Relative homogeneity of the aggregated GM random forests output, especially in relation to the Gini
Index (Figure 2), evidences catchment characteristics are not individually influential in determining GM
SE, as re-iterated by correlation analysis, which could suggest variables may be interacting together. It
may also infer that a parameter not included within the study is having a disproportionate impact. The
high OOB strengthens this theory as it demonstrates the random forest model is having low success in
predicting SE class from included variables, which would be illogical if the variables are interacting and
responsible for the majority of SE variation. In reality, a combination of theories is likely to be more
accurate in that variables are interacting to cause variation, though further parameters are necessary
to fully account for SE alteration. If the range in SEs has been produced through chance with no real
catchment characteristic influence then this could infer that the model could be applied in any
catchment. However, as the model was relatively low for accuracy of modelled outputs there are
remaining challenges for the use of GM in catchment management.

Relationship between catchment characteristics and the BM

Conversely, the BM random forest and proceeding regression analysis identified one variable, Urban,
as being responsible for ¢.19% of SE variation. Although this figure is derived from post data point
removal, a contentious although often necessary procedure (Osborne and Overbay, 2004), confidence
in its validity is provided through the quantile regression results and how exclusion of data points caused
only a minor alteration in the R? value.

The LAM relies upon the relationship between Q and P altering in response to the predominant
contribution source and should anything facilitate a deviation from the assumptions of this relationship
then model output variability will be observed, as is the case with BM SE and Urban. Urbanisation
fundamentally alters hydrological mechanisms and pathways, which consequently impacts the level
and timing of runoff (Hung, 2018). This is predominantly manifested by a reduction in pervious surfaces
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and an increase in flow velocity (Trudeau and Richardson, 2016; Pumo et al., 2017) caused by diversion
of flow. Changes in surface permeability and increased water velocity can all cause a ‘flashy’
hydrograph of reduced flow periods and increased peak discharges (Neave and Rayburg, 2016). This
characteristic, combined with low frequency sampling, is a likely cause of model variability and loss of
output robustness as the dataset will not represent the full range of storm events within the catchments
and so cannot accurately model diffuse P contributions (Bowes et al., 2008). Additionally, urbanisation
also impacts processes such as evapotranspiration (Locatelli et al., 2017) and the geomorphological
dimensions of a watercourse, due to increased water velocity (Jacobson, 2011).

The impact of ‘flashy’ hydrographs and low sampling frequency on nutrient load estimation uncertainty
has long been proposed (Johnes, 2007), with it still being highlighted as a barrier to robust models and
reliable outputs in contemporary studies (Hollaway et al., 2018; Jung et al., 2020).This reduction in high
Q data will be a further likely source of model uncertainty as true levels of diffuse contributions are
masked (Johnes, 2007; Bowes et al., 2008).

Stormwater infrastructure can also cause higher levels of in-stream sedimentation through either
transfer of stored sediment, or the increase of bankside erosion from elevated flow rates if water
diversion is the utilised management method (Ruhlman et al., 2016). Within a watercourse,
sedimentation further complicates Q-P patterns as adsorbed sediment may be released during higher
flows. This behaviour will mean that true point source apportionment levels are masked as the rise in
Q and P would be attributed to diffuse source by the LAM assumptions (Jarvie et al., 2012), whilst
increasing levels of P retention reduce the BM applicability. Furthermore, climate, chemical state and
river geomorphological characteristics will impact the variability of retention rates and observed patterns
(McDowell et al., 2017; Omari et al., 2019; Xiao et al., 2019). This may further conspire to cause model
output variability as the Q-P relationships that the LAM rely upon are being complicated.

Despite these issues, it remains that the defined relationship between BM SE and urban does not
account for the majority of SE variation. Given there are complex interlinked processes that govern
hydrological processes and P transfer (Holloway et al., 2018) it is feasible, as hypothesised with the
GM, that the variables are interacting to cause the variation. It is also feasible that variables included in
this study do not fully account for observed BM variation and other factors should be considered to
estimate variation in BM and GM analyses. This sentiment becomes evident when considering
catchment 89, which provided the highest SE for the BM and GM, although the quantified catchment
characteristics were not obviously divergent or extreme from other datasets, so indicating that further
factors are required to account for the SE variation.

Applicability of LAMs

Although the GM did not, holistically, provide an accurate representation of observed data points, the
BM yielded results which demonstrate the algorithm generally performs well on datasets of the type
analysed within this study. However, a challenge remains that these datasets are unlikely, given
sampling frequency, to capture the full range of Q-P variation that occur within watercourses as recently
shown by Jung et al. (2020). Only by using high frequency Q-P data can true patterns be identified
(Bieroza and Heathwaite, 2015; Williams et al., 2015; Elwan et al., 2018) and thereby increase the
accuracy of BM P apportionment. Moreover, P models are known to have a reduced ability to model P
at high Q (Cassidy and Jordan, 2011; Chen et al., 2013; Crockford et al., 2017). When these issues are
coupled with original model designers highlighting the need for high Q data to increase model
robustness (Bowes et al., 2008) then interpreting BM outputs calculated from low temporal resolution
datasets as representative of true trends appears unwise. Such issues will also conspire to undermine
the model’s usefulness for future application on low frequency datasets, given that more frequent storm
events are forecast due to climate change (GOV.UK, 2018). Not only does capturing the full range of
storm events enable accurate outputs from these models, but the change in storm frequency and vigour
has the capability to alter pathways and intensity of diffuse P transfer (Forber et al., 2018), which could
further facilitate deviation from the Q-P relationships on which the LAM rely upon.

It must also be noted that though the BM has a high success rate at predicting observed data points,
not utilising methods other than LAM to explain these data points could result in misinterpretation. For
example, those catchments which consist predominantly of dynamic land-use, such as arable, or over
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a longer time period forestry, could instigate biased outputs if Q-P monitoring is over too long a period
or too short a period. In the example of forestry, if monitoring was centred around a felling period then
diffuse contributions would be weighted highly. However, if the monitoring period was either between
felling or over many years, then this diffuse loss could be missed or diluted. Only by investigating data
trends and comparing these to catchment characteristics can effective, accurate mitigation measures
be designed.

Future research
Load apportionment modelling

Given concerns about the effect of low frequency data use on output accuracy it would be beneficial to
undertake a study, spanning a wider range of datasets as possible, looking at how BM and GM point
apportionment and SE are impacted by the inclusion of high frequency data. This would also then
facilitate re-analysis of the effect of catchment characteristics on SE, which would test the conclusions
of this study. Moreover, it would be valuable to expand the catchment characteristics incorporated within
the random forest analysis as the results indicate SE variation is not fully explained by those included.
This may include the prevalence of known point sources which may not be adequately represented by
degree of urbanisation. Quantifying specific soil types and their distribution would also be an obvious
choice given soil type is known to be influential in P dynamics (Bergstrom et al., 2015). Although base
flow index is heavily influenced by soil type and so may be considered a proxy for this, it does not
provide the in-depth understanding of soil type and distribution that may be contributing to the SE
variation not accounted for within this study. Regarding interactions between variables being potentially
responsible for SE variation, especially in the case of GM, further statistical analysis of the dataset
(Appendix 1) would enable interactions between variables to be explicitly identified and quantified. This
may be important when considering the role that catchment area plays in the magnitude of export of P
in a river.

It would also be highly useful to quantify the impact on the LAMs output and SE of using Q-P data which
was not temporally and spatially matched at the point of collection. While every effort was made to
ameliorate this concern, it represents a methodological deviation from that set out by Bowes et al.
(2008) and Greene et al. (2011). Moreover, if it was found to be a significant issue then it could further
question the applicability of LAMs as a tool for quickly analysing a range of watercourses, as the issue
itself was borne from current data availability.

Finally, it would be advantageous to comprehend if the use of LAMs models on low frequency datasets
could be incorporated into a wider framework for accurately assessing P apportionment. This study has
shown that the BM is capable of providing a relatively accurate model of widely available low frequency
datasets, whilst the models themselves facilitate reduced time and labour requirements when assessing
P apportionment. If accuracy is not greatly compromised by the use of high frequency data, though this
seems probable, the BM could be utilised in catchments where the outputs (SE) are found to be most
consistent and avoided where model error is known to be exacerbated, such as heavily urbanised
catchments. Therefore, where limited resources are available, efforts to comprehend P apportionment
using other methods with increased labour requirements could be targeted towards those catchments
where the BM is considered less accurate and more variable.

Using catchment characteristics to evaluate models

Across the 91 catchments investigated, catchment characteristics displayed diversity in their respective
measurements, therefore providing a good basis for this study’s investigation into their role in LAM
variation. Furthermore, that BM and GM evidence linearity in their SE outputs suggests that
environmental variables, not accounted for is this study, are influencing model variation which a simple
numerical model is compromised to reflect. Using catchment characteristics to evaluate the causation
of standard error in models has been largely inconclusive in this study except for the suggestion that
BM is influenced by percentage urban cover. Using catchment characteristics to evaluate model error
remains, however, a novel method of identifying the influences on standard error as simple numerical
models continue to be used in catchment management (e.g. Ascott et al., 2018). Previous use of
catchment descriptors with model outputs have allowed predictions in other scenarios with fewer data
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available, such as Deckers et al. (2010) or determined the impact of changing a catchment
characteristic such as catchment size in Andrianaki et al. (2019). Catchment characteristics have been
cited as possible explanatory influences on the variation in hydrological simulation across 979
catchments in the US and UK with geology and baseflow contributions particularly identified (Seibert et
al., 2018), thus confirming that investigating the causation of error may make the applicability of models
more robust in the future.

Conclusion

This study has been the first to calculate certainty statistics when applying the BM and GM to a wide
range of river catchment datasets. In doing so, it has been evidenced that the BM output variability
increases as levels of urban cover rise, whilst the GM SE is less influenced by individual variables. It is
hypothesised that further variables beyond those included within this study are impacting the SE of both
models, whilst interactions between studied variables may also be present.

Further investigation into these hypotheses is required, though more pressing is the need to ascertain
if the outputs, even where there is low SE, represent true patterns of the Q-P relationship. Such research
using high temporal frequency data could provide justification of the continued use of each LAM to
accurately model P changes as a function of Q on low frequency datasets. Moreover, this may yield
differing results regarding the importance of catchment characteristics on model variation than has been
shown within this study.

Finally, this study has demonstrated a method for using catchment descriptors to identify the drivers for
SE variability across modelled river catchments. By identifying the descriptors that models are highly
sensitive to, more appropriate use of simple numerical models, such as LAMs, may be developed.
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Table 1 Study variables and description

Variable Description
Name

BM P The mean percentage of a river’s phosphorus load apportioned to point sources according

Apportionment | to the bootstrapped BM (Bowes et al., 2008); equation 1.

BM SE Standard error of the bootstrapped BM P Apportionment

GMP The mean percentage of a rivers phosphorus load apportioned to point sources according

Apportionment | to the bootstrapped GM (Greene et al., 2011); equation 2.

GM SE Standard error of the bootstrapped GM P Apportionment.

Catchment The catchment size in km? of the Q data collection point; as defined by NRFAb (2019).

Size

Slope The holistic steepness of a catchment varying from <25 in the flattest areas of the country
to >300 in mountainous regions (NRFADb, 2019).

Base Flow Baseflow index score derived from the Hydrology of Soil Types classification system which
provides calculated runoff responses for individual soil types. These scores are aggregated
across the catchment (NRFADb, 2019).

Sinuosity Sinuosity index score, calculated as detailed in Section 3.5.

Woodland Percentage of catchment classified as ‘woodland’ by NRFAb (2019).

Arable Percentage of catchment classified as ‘arable or horticultural’ by NRFAb (2019).

Grassland Percentage of catchment classified as ‘grassland’ by NRFAb (2019).

Urban Percentage of catchment classified as ‘urban’ by NRFAb (2019).

Heath Percentage of catchment classified as ‘mountain, heath or bog’ by NRFAb (2019).

Table 2 Summary statistics of variables. Note: BM and GM P Apportionment were not included in
statistical analysis given this study’s principal focus (SE), although they are included here to detail
variation in P point apportionment across datasets

Min. | 1st Qu. | Median Mean SD 3rd Qu. Max. Anderson-
Darling p
statistic of log
transformation
BM P Apportionment| 1.0900 | 11.1500| 22.4000 | 25.7205 | 18.4040 |38.8000| 69.3000 n/a
GM P Apportionment| 4.6200 |20.5000| 36.1000 | 37.3716 | 19.5268 |53.6500| 79.8000 n/a
BM SE 0.0295 | 0.4560 | 0.6710 0.7478 0.4701 | 0.9810 | 3.0900 .002
GM SE 0.0087 | 0.4405 | 0.5460 0.5927 0.3325 | 0.7090 | 2.2200 <.001
Catchment Size 9.000 | 63.250 | 128.000 | 336.411 | 543.231 |269.700 | 3315.000 .055
Slope 11.5000 | 29.8000 | 55.9000 | 65.8121 | 48.6541 |92.4000 | 330.7000 .010
Base Flow 0.2200 | 0.4100 | 0.5100 0.5341 0.1663 | 0.6050 | 0.9700 .024
Sinuosity 0.9700 | 1.1950 | 1.2900 1.3256 0.1913 | 1.3950 | 2.2100 <.001
Woodland 1.2300 | 6.5050 | 9.3600 | 11.0327 | 7.4910 |12.8150| 45.7800 .069
Arable 0.1400 |15.9600| 36.3700 | 37.9219 | 24.4800 |54.3900| 82.9500 <.001
Grassland 9.9500 [22.2800| 34.8000 | 38.5304 | 19.2820 [52.7500| 80.9900 .009
Urban 0.0000 | 3.0150 | 5.3100 8.6696 | 10.3945 | 9.8250 | 70.4600 447
Other 0.0000 | 0.0000 | 0.0800 3.1884 6.8373 | 2.7800 | 40.7500 <.001
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665  Figure 1 Location of original 136 sampling locations used in this study. Please note that due
666  to thresholds set for dataset size and model fit challenges, the final number analysed was 91
667
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668  Figure 2 A) Mean Decrease of Accuracy (MDA) of BM forests, B) MDA of GM forests, C) Gini Index of BM forests, D) Gini Index of GM forests
669 Note: Higher the scaled value, greater the variable importance
670
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t=4.566, d.f=87, p=<0.001 and R2=0.19
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672  Figure 3. Regression of standard errors (SEs) in BM against measure of urban cover.

673  Note: post removal of data points with outlying residuals, with both variables increased by 1 to avoid negative numbers and logarithmically
674  transformed.

675
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