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1 Introduction

Together with an ECOSTAT working group, the EU commission by the Joint
Research Center (JRC) has developed a toolkit that can be used as a best prac-
tice guide (BPG) to set nutrient (nitrogen and phosphorus) standards in lakes.
Concentrations of nitrogen and phosphorus should be used in the implemen-
tation of the European Water Framework Directive as supporting elements in
the overall ecological classification of lakes. Denmark was asked to comment
on the best practice guidance and to run a test of the guidance using data from
the Danish lakes.

The aim of this project is to:

e Give comments to “draft Best Practice Guide”: https://circabc.eu-
ropa.eu/w/browse/6a4a9f9f-f5d6-4b7c-803e-ea5242ce9a85

e Run a test of the toolkit in order to develop nutrient standards in lakes
(toolkit for boundary setting, Excel File, R Scripts & example data files) are
available at: https://circabc.europa.eu/w/browse/6a4a9f9f-f5d6-4b7c-
803e-ea5242ce9a85

e Participate in an international workshop held in Berlin on the use of the
EU-toolkit.

2 Data and methods

2.1 Data

The Danish Environmental Protection Agency supplied data used for the test
of the toolkit. The data set has previously been used in an analysis by Larsen
et al. (2017) of Danish lakes included in the current water management plans
(“Vandomréadeplaner 2016-2021").

For all the lakes included in the management plans, this data set includes data
on lake type, nutrient concentrations (summer means) and the ecological
quality ratio (EQR) of the three biological quality elements used (submerged
vegetation, phytoplankton and fish). Data is not available from all elements
in all lakes.

2.2 Methods

In testing the tool kit, we used the analyses suggested in the BPG. This com-
prised different regression models as described in the following section.

3 Results

3.1 Comments to the “draft Best Practice Guide”

The draft of “Best practice guide on establishing nutrient concentrations to
support good ecological status” by Phillips et al. (draft), circulated to the
ECOSTAT and nutrient experts in August 2017, is a very thorough and well-
presented document on the background, rationale and procedures that may
be used for establishing nutrient boundaries for good ecological status. The
document is well written and introduces the complexity of the nutrient - eco-
logical status relationship. Overall, the tool kit provides a very good and use-
ful guide on how nutrient standards in lakes can be developed based on ex-
isting data.



The comments provided by other member states highlight some of the issues
connected with its application. The most important of these is the problem of
setting nutrient boundaries in the presence of multiple stressors.

3.2 Test of the tool kit

We applied the toolkit from the BPG to the data analyses using R, an open
source programming language and software environment for statistical com-
puting and graphics, as suggested in the guidance. The analyses were con-
ducted on data from shallow high alkalinity lakes (lake type 9) for the ecolog-
ical assessments based on vegetation, phytoplankton, fish and then chloro-
phyll-a as an additional element.

Regression based analysis

The first suggested option for determining nutrient concentrations to support
good ecological status in the BPG consists of three regression analyses. The first
two use ordinary least squares (OLS) regression, which assumes no variability
in the predictor. Of those two the first uses the EQR as the predictor (x) and
nutrients as the response (y), the second uses the nutrient concentration as the
predictor (x) and the EQR as the response (y). The third type of regression is
termed type II regression or ranged major axis (RMA) regression and assumes
an equal amount of error in both predictor and response. The three different
regression approaches give different results and the BPG document suggests
how these model outputs can be synthesised into setting boundary values.

Each method can be used to determine the mean value of total phosphorus
(TP) and total nitrogen (TN) at the boundary of ecological status. The quan-
tiles of the residuals of the model are then calculated to determine upper and
lower quantiles of TP and TN for the specific EQR boundary. The regression-
based methods rely on a number of assumptions, chiefly that there is a linear
relationship between EQRs and nutrient concentrations. In addition, the BPG
states that the R? values of the model should be greater than 0.36. These as-
sumptions are largely met by the Danish lake data, although the vegetation
model has an R? of 0.33. The toolkit in the BPG provides the codes needed to
examine whether the data meet the assumptions required for the regression
analyses and to identify outliers that may be excluded from the analyses. For
the vegetation data, a stricter cut off limit for exclusion of outlier samples
would increase the R?, without altering results, in terms of the identified val-
ues at the boundary of each ecological status and so the results presented here
can be considered robust.

The results of the three different types of regression applied to vegetation,
phytoplankton and fish derived from EQRs can be seen in figures 1-10 (ap-
pendix) and the summary results can be found in table 1 for the good to mod-
erate boundary and table 2 for the high to good ecological status boundary.
Here we focussed on TP in the report as in fresh waters TP is thought to be
more important for determining EQR. However, the methods can equally be
applied to determine TN values associated with changes in EQR.



Table 1. Summary results of regression analyses for nutrient concentrations at the good to moderate boundary. The results in

bold have an r? higher than 0.36.

Nitrogen pg/l
Veg. Phyto Fish Veg. Phyto Fish Veg. Phyto Fish
mean lower quartile upper quartile

EQR predicting N

N predicting EQR

OLS model 1 763 617 501 368 444 245 1364 852 966

983 792 898 748 626 690 1276 1027 1131

OLS model 2 1017 891 966 791 721 747 1323 1114 1173

Phosphorus pgl/l
Veg. Phyto Fish Veg. Phyto Fish Veg. Phyto Fish

mean lower quartile upper quartile
EQR predicting P OLS model 1 50 33 30 23 17 16 109 56 59
65 46 45 41 30 29 99 74 73
P predicting EQR OLS model 2 72 62 49 47 40 29 117 90 78

Table 2. Summary results of the regression analyses for nutrient concentrations at the high to good ecological status boundary.
The results in bold have an r? higher than 0.36.

Nitrogen g/l
Veg Phyto Fish Veg Phyto Fish Veg Phyto Fish

mean lower quartile upper quartile
EQR predicting N OLS model 1 370 301 270 178 217 132 661 416 520
RMA model 807 526 755 615 416 580 1048 683 952
N predicting EQR OLS model 2 896 686 859 697 555 665 1167 857 1044

Phosphorus pgl/l
Veg Phyto Fish Veg Phyto Fish Veg Phyto Fish

mean lower quartile upper quartile
EQR predicting P OLS model 1 17 10 13 8 5 7 37 16 27
RMA model 38 19 28 24 13 18 57 31 45
P predicting EQR OLS model 2 51 38 33 33 24 20 82 55 53

In table 3, we have given an example of how to synthesise the three regression
models. Generally, the RMA regression type has the lowest error (the least
difference between lower and upper quartile) in predicting nutrient bounda-
ries, suggesting that, where the assumption of a linear relationship between
EQR and nutrients is met, and the R? is sufficiently high, that this is the most
reliable method to apply for the Danish lake data (see decision tree in appen-
dix 2). Following the methods set out in the BPG, table 3 shows a “predicted”
value which is the mean RMA model value, the “range” is the mean values
OLS mod1 and OLS mod2 methods and the “possible range” is the lower and
upper quartile of the RMA regression. In the case of the high/good boundary
in table 3, the lower limit of the possible range and the range are the same.
Normally, the possible range is larger than the range; however, in this case for
vegetation, the mean OLS model 1 value (the lower end of the range) was
lower than the lower quartile of the RMA model. As the range cannot be larger
than the possible range, 17 ug TP/1 was used for both.



Table 3. Examples of how to synthesise the three regression method results to set bound-
ary values (good-moderate and high-good ecological state) for lake type 9. The table
shows a summary of predicted TP boundary values (ug/l) and the range and the possible
range using vegetation. R? = 0.33, p<0.001.

Most likely boundary

Predicted Range Possible range
Good/Mod 65 50 72 41 99
High/Good 38 17 51 17 57

Categorical and logistic regression methods

Where a linear relationship between the EQR and nutrient levels is not present
or the R? value is not high enough, then regression-based analyses are not
suitable (see decision tree in appendix 2). In addition, if there are multiple
stressors shaping the community, the regression techniques may not be ap-
propriate. In this case, the BPG suggests the use of categorical methods, which
do not assume a gradual gradient response, but instead place the lakes into
categories or groups. We applied categorical methods of averaged adjacent
quartiles and also the 75t quartile of the EQR group, the latter is the method
previously used to suggest nutrient boundaries in Danish lakes (Sendergaard
& Lauridsen, 2015). In table 4, the average mean of adjacent quartiles is the
mean of the average of two TP values, 1) average of the 75% quartile of TP
values for one category (e.g. good) and 2) the lower 25th quartile of TP values
for the adjacent category (e.g. moderate). The Average median quartile is sim-
ilar in that it is the average of the median values of the 75t quartile of the good
category and the median of the 25t quartile of the moderate category. The
75t quartile class is simply the TP associated with the 75th quantile of a par-
ticular class; the BPG states that this method provides the least stringent esti-
mate for the good/moderate boundary.

Furthermore, we applied logistic regression and mismatch analysis to deter-
mine the concentrations of TP and TN (again only TP shown here) likely to
support good ecological status based on vegetation-based EQR in lake type 9.
The results of the averaged adjacent quartile analysis can be seen in table 4
below and can be compared with the results of the regression analyses in ta-
bles 1 and 2.

Table 4. Categorical method results to set boundary values for TP (ug/l) for lake type 9 based on vegetation-based EQR and
phosphorus data. The average mean adjacent quartile gives the average of two values, 1) mean nutrient values of the 75"
quartile of one class (e.g. good) and 2) mean values of TP for the lower 25" quartile of the adjacent class above (e.g. moder-
ate). The average median quartile is the average of the median values of the 75" quartile of TP in good status and the median
of the 25™ quartile of TP in moderate status, and the 75™ quartile class is the simply the TP values at the 75" quartile of the
lakes classified as good — in the case of the good/moderate row.

Average mean of Average median of 75th quartile Mismatch Logistic

adjacent quartiles adjacent quartiles class analysis regression
Good/moderate 88 76 115 108 82
High/good 48 50 56 27 19

Comparison of regression and categorical methods

The guideline document suggests that the type Il regression model (the
ranged major axis (RMA) method) should be used to predict the most likely
nutrient concentrations that occur at the EQR boundaries. The two OLS re-
gression models provide alternative upper and lower predictions and the true
value will lie within this range.



The regression methods produced lower values of TP for both the good/mod-
erate boundary and for the high/good boundary compared with the percentile-
based categorical methods, although most values fell within the broader possi-
ble range (table 3). The mismatch and logistic regression analysis produced
higher values of TP compared with the other methods at the good to moderate
boundary but much lower values at the high to good boundary (table 4).

All methods suffer from the fact that it is a combination of TP and TN that
shapes ecological status. In treating each nutrient separately, the definition of
the upper limits of the good to moderate boundary may be overestimated.
This is because lakes maintaining good status at higher P are likely to be N
limited and thus have lower N. It might be useful to apply methods that can
take both nutrients and their potential interactions into account to define the
nutrient concentrations most likely to support good ecological status. Such
methods might include boosted regression trees or Random forests to model
the potential interactions between N and P in shaping lake EQR.

Chlorophyll-a analysis

The WEFD stipulates which biological group should be used to define EQR;
however, chlorophyll-a has also been routinely used to define EQR in Den-
mark and therefore may be useful to define nutrient boundaries for the EQR
as data exist for many more sites. Here we applied the same regression and
categorical methods to chlorophyll-a data (Table 5) that can be compared with
the regression analysis-based results from phytoplankton data (Table 6) and
the categorical methods (Table 7).

As stated above the predicted value (see Tale 5 & 6) is the mean of the RMA
regression and the “range” values are the mean values of the two OLS regres-
sion techniques. The “possible range” is provided by the lower and upper
quartiles of the residuals from the type Il RMA regression. The interquartile
range of the residuals includes 50% of the water bodies in the modelled data
set, so 75% of water bodies would be expected to have values less than the
upper range value, while 75% would have values greater than the lower
“range” value. Comparing the values of TP associated with the change in EQR
as determined by chlorophyll-a and phytoplankton shows that the values for
the Good/moderate boundary are similar between the two. In contrast phy-
toplankton give much lower values of TP for the High/Good boundary.

Table 5. Boundary levels of TP (ug/l) based on the three regression techniques for using
chlorophyll-a for lake type 9. R?=0.455, p<0.001.
Most likely boundary

Predicted Range Possible range
Good/Mod 52 43 65 33 76
High/Good 41 32 56 27 61

Table 6. Boundary levels of TP (ug/l) based on the three regression techniques for using
phytoplankton for lake type 9. R?=0.401, p<0.001.
Most likely boundary

Predicted Range Possible Range
Good/Mod 46 33 62 30 74
High/Good 19 10 38 10 38




Table 7. Categorical method results to set boundary values for TP (ug/l) for lake type 9
based on chlorophyll-a EQR.

Average Average  75th quartile Logistic

quartiles median class regression
Good/Mod 72 70 86 60
High/Good 42 41 42 29

3.3 Conclusions from test of the tool-kit

The toolkit presented here and the Best Practice Guide (BPG) have been ap-
plied to data from Danish lakes of typology 9, shallow high alkalinity lakes.
We used data on the three quality elements: vegetation, phytoplankton and
fish plus the concentration of chlorophyll-a that previously was the only ele-
ment used to define EQR in Danish lakes.

For the vegetation-based analysis, which had the most data of the three qual-
ity elements, the assumptions of the regression methods were not quite ful-
filled, although the R? value was very close to the acceptable value (0.36) in
the BPG. As the R? values were so close to acceptable the boundaries of the
EQR groups shown in table 3 are reasonable: however, if the R? is deemed too
low, then the results from the categorical methods shown in table 4 could be
used. The categorical method has already been applied earlier to chlorophyll-
a data and produced near identical results (Sendergaard & Lauridsen, 2015).

We would not recommend use of the mismatch analysis for setting the bound-
aries at the good to moderate boundary as it overestimates the TP values sup-
porting a good EQR. The reason is probably that setting the TP boundary is
vulnerable to the influence of TN.

Although chlorophyll-a is not a quality element, we applied the methods in
the toolkit to chlorophyll-a also, because of the much larger data set and be-
cause chlorophyll-a as has been used frequently to set the EQR in Danish
lakes. The summary result for the regression analysis can be seen in table 5
and the categorical methods in table 7. The values for the phytoplankton EQR-
based regression analyses are very similar to those of the chlorophyll-a anal-
ysis, if a little lower (table 6).

To conclude:

e If the BPG methods are followed and the decision tree employed (see ap-
pendix 2), then the regression analyses values for phytoplankton (and
chlorophyll-a, if treated as a quality element) should be used to define the
good to moderate boundary. A decision on which of the values “pre-
dicted”, “range” and “possible range” to be used would need to be made,
but the highest value of total phosphorus concentration as supporting ele-
ment is the upper end of the possible range, which is 76 pg 1 for Chloro-
phyll-a and 74 pg I for phytoplankton.

e It can be considered important not to choose too restrictive a value for a
supporting element and the 75% quartile class has been used previously
(Sendergaard & Lauridsen, 2015). This defined the TP value for the mod-
erate to good boundary in lake type 9 at 85 pg I'1, which is identical to the
75t quartile in the data here (86 ug I'). The regression analyses for both
chlorophyll-a and phytoplankton set the boundary for good to moderate



status lower, as did the other categorical methods, the adjacent quartiles
and the logistic regression (tables 5, 6 & 7). Accordingly, the BPG also
states that the 75t quartile class provides the least stringent estimate as for
the good/moderate boundary.

e The BPG tool-kit approach recommends the use of liner regression meth-
ods. This means that values from table 5 or 6 are appropriate for TP bound-
ary settings between good and moderate if using chlorophyll-a and phy-
toplankton. However, given that the nutrient boundary values are a sup-
porting element using a less restrictive nutrient concentration, such as se-
lecting the 75th quartile value for chlorophyll-a, may also be considered.

3.4 Notes on Ecostat meeting Berlin 26-27 September 2017

The aim of the Ecostat meeting in Berlin was to find out how different member
states could use the proposed tool-kit as guide to develop nutrient standards
for lakes. Thomas Davidson from AU participated in the meeting.

We contributed with our experience and assessment of the "Best Practice
Guide on establishing nutrient concentrations to support good ecological sta-
tus” and the statistical tool-kit designed alongside. For lakes, we found that
there was a relatively strong relationship between BQE and nutrients and so
the simpler linear methods were largely applicable. We also tested the cate-
gorical methods that can be applied when the linear relationships were absent
and these methods also performed relatively well. The discussion of multiple
drivers was interesting and some of the alternative methods may be useful to
integrate both phosphorus and nitrogen into the same model. Furthermore,
they may be useful in the analysis of stream data.
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Appendix 1

Regression of EQR on TP Regression of TP on EQR Ranged major axis regression EQR v TP
R2=0.33 p<0.001 slope= -0.432 se 0.042 R2=0.33 p<0.001_slope= -1.309 se 0.075 RMA slope=-0.838
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Figure 1. Vegetation analysis — regression plots for the three types of regression — EQR predicting TP, TP predicting EQR and
ranged major axis regression of TP to EQR. The mean, upper quartile and lower quartile values of TP are given in table 1.

Regression of EQR on TN Regression of TN on EQR Ranged major axis regression EQR v TN
R2=0.174 p<0.001 slope= -0.636 se 0.094 R2=0.174 p<0.001 _slope= -3.657 se 0.04 RMA slope=-2.339
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Figure 2. Vegetation analysis — regression plots for the three types of regression — EQR predicting TN, TN predicting EQR and
ranged major axis regression of TN to EQR. The mean, upper quartile and lower quartile values of TP are given in table 1.
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Regression of EQR on TP Regression of TP on EQR Ranged major axis regression EQR v TP
R2=0.401 p<0.001 slope= -0.368 se 0.061 R2=0.401 p<0.001 slope=-0.917 se 0.18 RMA slope=-0.528
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Figure 3. Phytoplankton analysis — regression plots for the three types of regression — EQR predicting TP, TP predicting EQR
and ranged major axis regression of TP to EQR. The mean, upper quartile and lower quartile values of TP are given in table 1.
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Figure 4. Phytoplankton analysis — regression plots for the three types of regression — EQR predicting TN, TN predicting EQR
and ranged major axis regression of TN to EQR. The mean, upper quartile and lower quartile values of TP are given in table 1.



Regression of EQR on TP

Regression of TP on EQR Ranged major axis regression EQR v TP
R2=0.488 p<0.001 _slope= -0.574 se 0.06 R2=0.488 p<0.001 slope= -1.176 se 0.088 RMA slope=-0.975
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Figure 5. Fish analysis — regression plots for the three types of regression — EQR predicting TP, TP predicting EQR and ranged

total phosphorus (g L)

major axis regression of TP to EQR. The mean, upper quartile and lower quartile values of TP are given in table 1.
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major axis regression of TN to EQR. The mean, upper quartile and lower quartile values of TP are given in table 1.
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Logistic Regression - log(TP) vs. EQR, N = 215

Pseudo-R2 = 0.34, Prob = 50% for: 82.8 ug/l TP
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Figure 7. Vegetation analysis — logistic regression to calculate the likelihood of moderate or worse status based on TP (ug/l)
concentration.

Logistic Regression - IogéTN) vs. EQR, N = 218
Pseudo-R2 = 0.162, Prob = 50% for: 1.04e+03 pg/| TN
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Figure 8. Vegetation analysis — logistic regression to calculate the likelihood of moderate or worse status based on TN (mg/l)
concentration.
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Figure 9. Vegetation analysis — mismatch analysis for the good to moderate status with TP (ug/l) concentration. The many lines

results from the fact the analysis is iterative and repeatedly randomly selects a portion of the data and to make a model which it

then test on the remaining data and then calculates the percentage of misclassifications.
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which it then test on the remaining data and then calculates the percentage of misclassifications.
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Appendix 2 Decision tree for choice of approaches - for an explanation see the
best practice quide document

[ Biological EQR data available J Use categorical methods
Go to Section C

Only categorical methods can be used.

Use regression methods but

Relationship is linear for at compare with categorical
least H, G and M and has a methods. Appendix 1 A3 &
high r2 A43

The key point here is that the relation-
ship is “anchored” at both ends of the
status gradient, allowing linearity of the
response between nutrients and biology
to be assessed.

Relationship is linear and Use regression methods to pre-

has a high r* but does not dict boundary values. Appen-
extend beyond the G/M or dix1 A3 & AL3
ix .
H/G boundary
In this situation, categorical methods
may be impossible or unreliable as data
points in high or moderate class are too
few
The greater the difference between the
mean EQR and the boundary, the
Relationship is linear and greater the uncertainty of the prediction
has a low 12 but does not ex-
tend beyond the G/M or Consider combining data from
H/G boundary similar type or neighbouring
country. Appendix 1 A5.1
Models with low r2 should not be ex-
trapolated. The best option is to extend
the data set. Minimisation of mismatch
may be possible if data for at least two
Data available for four clas- classes around the boundary of interest
ses H, G, M and P but linear are available

relationship has low 12

[ Go to Section B ]
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Choice of approaches B

Data available for four clas-
ses H, G, M and P but linear
relationship has low 12

Confounding variable identi-
fied; values available in data
set

Relationship is “wedge
shaped” (i.e. asymmetric
with respect to line of best
fit)

Relationship is “cloud-
shaped” (i.e. approximately
symmetrical about “line of
best fit”)

Too few data. Use other ap-
proaches (see 6.0)

If the data set does not span four classes
it may be possible to use a categorical
approach. This, however, necessitates
good definitions of H, G and M status

Use of regression with categorical
variable (Appendix 1 A5.1.1) or
use of multiple regression ap-
proach (Appendix1 A5.2.1.3)

An example of this type of situation
may be where there is good evidence of
N and P co-limitation; threshold values
may be interdependent and multiple re-
gression allows values of one variable
to be predicted for the full range of val-
ues of the second

Use quantile regression (Appen-
dix 1 A5.2.1.1)

The point here is to identify an upper or
lower surface to the scatter and fit a line
to it. A lower surface would produce a
precautionary boundary value if other
factors prevent the expression of nutri-
ent pressure. An upper surface a least
precautionary boundary where other
stressors cause a lower biological status
despite low nutrients

4 N

Data has high uncertainty. Cat-
egorical method minimisation
of mismatch likely to be the
best approach, but try regres-
sion and compare outcomes.
Consider combining normal-
ised EQRs for different BQEs or
if the use of a metric rather than
EQR improves r2

o %




Choice of approaches C
(Categorical Methods)

Data available for three clas-
ses H, G and M & box plots
for adjacent classes do not
substantially overlap

Data available for either
classes H& Gor G& M &
box plots for adjacent clas-
ses do not substantially
overlap

4 )

Box plots substantially
overlap or too few data in
any class:

categorical analysis likely
to be unreliable; use other

methods (see 6.0)

N /

/Compare the following three \

methods

a) average of upper and lower quar-
tiles of adjacent classes

b) average of median of adjacent
classes

Q) minimisation of mismatch j

Currently, the minimisation of the mis-
match method appears to be the least
sensitive to outliers and non-linear rela-
tionships and is likely to be the most ro-
bust method

As above, but only for the H/G or
G/M boundary




