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Highlights (for review)

Highlights

e The "one-out, all-out” (OOAO) rule for combining assessment results for different
biological quality elements is more prone to underestimation of the "correct" ecological
status than alternative combination rules

e The OOAO rule's tendency of underestimation of ecological status increases with the
index values' uncertainty

e Analysis of misclassification is complicated by the fact that the rate of misclassification

inherently increases with the index values' proximity to status class boundaries
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ABSTRACT

The European Water Framework Directive (WFD) requires that the ecological status of
waterbodies is assessed using multiple biological quality elements (BQESs) that are combined
into a single status class. The recommended combination rule (the "one-out, all-out" rule;
OOADO) has been criticized for being unreasonably conservative and for being sensitive to
uncertainty. In this study, the objective was to compare the sensitivity to uncertainty of four
different combination rules: (1) OOAOQ, (2) OOAO with exclusion of one element (3) average
and (4) weighted average. Index values for 5 BQEs (phytoplankton, phytobenthos,
macrophytes, macroinvertebrates and fish) sampled from 10 lakes in the Wel River catchment
in Poland were used to classify the lakes according to the OOAOQO and the three alternative
combination rules. Based on the mean and (where possible) standard deviation of these index
values, we modelled the risk of misclassification by simulating 10,000 resamples for each
BQEs in each lake, classifying each resample and calculating the proportion of misclassified
resamples under each combination rule. For individual BQEs, the risk of misclassification
increased both with higher uncertainty and with the proximity of the index value to a class
boundary. Under the OOAO rule, the risk of misclassification was more biased towards worse
status (“underclassification™) than towards better status. Furthermore, risk of
underclassification was more affected by uncertainty under the OOAO rule compared with the
alternative combination rules. This analysis has demonstrated the weaknesses associated with
the OOAO rule for integration of BQEs for lake classification. However, the alternative
combination rules are associated with other shortcomings, such as the need for subjective
judgement, and involve a higher risk of not protecting the most sensitive BQE and thus the
whole ecosystem. We recommend that future versions of instructions for WFD
implementation consider alternatives to the OOAQO combination rule, and provide guidelines

for weighting of individual BQEs.
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1. Introduction

The Water Framework Directive (WFD; EC 2000) of the European Union requires that
member states must assess the ecological status of their surface waterbodies, including lakes.
Across Europe, WFD-compliant national classification systems have been developed and
adapted for assigning waterbodies to one of five classes of ecological status (high, good,
moderate, poor and bad) (Hering et al., 2010). The WFD further requires that all waterbodies
obtain good ecological status by 2015, and consequently all waterbodies found to be in
moderate or worse status must be restored. Moreover, the WFD states that estimates of
confidence and precision attained by the monitoring system should be provided in river basin
management plans (Annex V, Section 1.3.4). Since restoration measures can be expensive, the
uncertainty associated with waterbody classification should be of high interest for water
resource management (Hgjberg et al., 2007; Irvine, 2004). If a lake in good or better status is
wrongly classified as having less-than-good status (“underclassified™), money may be wasted
on restoration measures that were not strictly needed (Prato et al., 2014). On the other hand, if
a lake in less-than-good status is wrongly classified as good or better (“overclassified™), the

ecosystem quality and services may be compromised.

Classification of ecological status of lakes should be based on a set of biological quality
elements (BQES) representing main ecosystem components, i.e. (1) phytoplankton, (2)
macrophytes and phytobenthos, (3) benthic invertebrate fauna (here called
"macroinvertebrates™) and (4) fish (WFD, Annex V, Section 1.2.2). The WFD states that the
policy should be based on the precautionary principle (811); the idea of this principle is that if
at least one component of ecosystem is impaired, this indicates that something is wrong in the

ecosystem (waterbody) as a whole. Moreover, the WFD requires that the ecological status
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class for a waterbody "shall be represented by the lower of the values for the biological and
physico-chemical monitoring results for the relevant quality elements” (Annex V, Section
1.4.2 (i)). This implies that the status is determined by either the combined biological
monitoring result or by the physical-chemical monitoring result (the lower of the two).
However, the directive does not specify how to combine the values of multiple BQEs into one
biological monitoring result. The guidance on classification provided by the Common
Implementation Strategy for the WFD (EC 2005) has recommended the method known as
"One-out, all-out” (OOAO): the waterbody status is determined by the BQE with the worst
status. However, based on comparison with alternative rules for integrating BQES, such as
(weighted) average, median or other weight-of-evidence approaches, several authors have
stated that the OOAO tend to result in a stricter classification than what seems reasonable
(Alahuhta et al., 2009; Borja and Rodriguez, 2010; Caroni et al., 2013; Gottardo et al., 2011,
Hering et al., 2010; Moss et al., 2003; Noges et al., 2009; Ndges and Ndges, 2006; Prato et al.,
2014; Rask et al., 2010; Sutela et al., 2013; Sgndergaard et al., 2005). Another concern with
the OOAO method is that higher uncertainty in index values tend to result in even stricter
classification (Caroni et al., 2013; EC (European Commission), 2005; Ndges et al., 2009;

Sandin, 2005).

Uncertainty in biological index values results from many sources, including natural temporal
and spatial variation and sampling variation (see Clarke, 2013). The quantification of sources
of uncertainty in index values and their significance for status classification have been
addressed in many studies (Carvalho et al., 2013; Clarke and Hering, 2006; Kelly et al.,
2009b; Thackeray et al., 2013). Nevertheless, few studies have investigated the role of joint
uncertainty of indices when several BQEs are integrated (but see Caroni et al., 2013). There is

therefore a need for more research on how the OOAO and other BQE combination rules
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perform in waterbody classification based on real data under different levels of sampling

uncertainty.

In our study, we have analysed the effects of joint uncertainty for five BQEs (phytoplankton,
phytobenthos, macrophytes, macroinvertebrates and fish) sampled from 10 lakes in Poland.
The analysis was based on simulations of index values for all BQEs with three levels of
uncertainty (section 3.1), and application of four different combination rules (section 2.3) for
the resulting BQE status classes. The objective of this paper was to address the following
question: How does increasing levels of uncertainty affect the risk of misclassification of
lakes under different BQE combination rules? To answer this question, we also investigated
how uncertainty in index values affect the risk of misclassification at the BQE level, and how

this risk was transferred to the whole-lake level under the different combination rules.

2. Materials and methods

2.1. Data

The study area is the catchment of the lowland river Wel in central Poland, with a surface area
of 822 km2. Surface waters in the Wel catchment are affected mainly by eutrophication due to
agricultural runoff (app. 60% of areas of extensive agriculture in the catchment) and also by a
few point sources of organic pollution. Ten lakes with surface area above 0.5 km2 are located
in this catchment (Fig. 1, Table 1). The biological data used in this study were collected from
all of the ten lakes in 2009 during the Polish-Norwegian project deWELopment (Soszka,

2011).
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2.2. Biological index values and classification system

In this study, each biological quality element (BQE) was represented by one index, as follows.
- Phytoplankton: Phytoplankton Metric for Polish Lakes (Hutorowicz et al., 2011).

- Phytobenthos: Diatom index for lakes (phytobenthos) (Picinska-Fattynowicz, 2011).

- Macrophytes: Ecological State Macrophyte Index (Kolada et al., 2011)

- Macroinvertebrates: Benthic Quality Index based on Chironomid Pupal Exuviae Technique
(macroinvertebrates; based on Ruse, 2010) (Gotub et al., 2011).

- Fish: Lake Fish Index N2 (Biatokoz and Chybowski, 2011).

For each index, the sampling method, calculation, the responses to eutrophication pressure
gradients as well as classification scheme are described in the given references. For
phytoplankton and macrophytes, respectively, a full description of the national assessment
methods are given in the Technical Reports from the Intercalibration phase 2 (Phillips et al.,
2014; Portielje et al., 2014). Although the WFD defines phytobenthos and macrophytes as one
BQE, the two organism groups are treated as two separate BQEs in this paper. The reason is
that Poland, like most countries in the Central-Baltic region, has chosen to develop separate
assessment methods for macrophytes and phytobenthos (Kelly et al., 2009a), and no
integration rules exist at the moment (Portielje et al., 2014, Table 4.4). Moreover, changing
environmental conditions may affect macrophytes and phytobenthos indices differently due to
the differences in generation time and dispersal rate; therefore these organism groups may

provide different information about ecosystem stability (Schneider et al., 2012).

The ecological classification system used in this study (Soszka, 2011) comprises, for each
biological index, a reference condition representing the index value assumed for lakes

undisturbed by anthropogenic impact, and class boundaries defining the index values on the
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borders between the five ecological status classes (high, good, moderate, poor and bad). More
information on the methods used for setting reference conditions and class boundaries for the
Polish classification system is available in the WISER database on national assessment
methods (http://www.wiser.eu/results/method-database; Birk et al., 2012), for all BQEs
except macroinvertebrates. The full ecological classification system includes also physico-
chemical variables, which were not included here. For each index, as required by the WFD,
the ecological quality ratio (EQR) was calculated as the index value divided by the reference
condition value. The resulting indices in EQR scale have range 0-1 (Appendix A, Table A.1).
Likewise, the class boundaries for each index were converted to EQR scale (Table A.2) by
division by the respective reference condition value. Note that the class boundaries are non-
evenly spaced for all BQEs except phytoplankton (Table A.2); this is essential in comparison
of the BQE classifications. For example, a BQE with narrow class width for good status (e.g.
macrophytes, class width = 0.17) may be more susceptible to bias in the assessment of good

status compared to a BQE with a wider class (e.g. fish, class width = 24).

To facilitate comparison of index values for different BQEs, the EQR values (Table A.1) were
normalised (NnEQR) by a piecewise linear transformation procedure (Caroni et al., 2013). The
normalisation is based on the distance from the index value (in EQR scale) to the nearest class

boundaries (Eq. 1):

NEQR = (EQR - lower_EQR) * (upper nEQR - lower nEQR) + lower_nEQR, (Eqg. 1)

upper_EQR - lower_EQR)

where lower_EQR and upper_EQR are lower and upper class boundaries in EQR scale for the

given index (Table A.2), and lower_ nEQR and upper_nEQR lower and upper class
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boundaries in normalised EQR scale (high/good = 0.8, good/moderate = 0.6, moderate/poor=
0.4, poor/bad= 0.2). The transformation to nEQR scale ensures standard class widths and
boundaries for all BQEs (see also EC (2011), Fig. 12)*. This way, one can infer directly from
each nEQR value (Table 2) both the status class and the distance to the nearest class

boundaries.

2.3. BQE combination rules

Four alternative rules for combining the ecological status of multiple BQEs were applied in

this study (Table 2).

Rule 1:"OOAQO™" (One-out, all-out). The status of the lake was determined by the lowest status
of all the BQEs.

Rule 2: "OOAO-E" (One-out, all-out after exclusion of one BQE). This combination rule is
recommended in cases where one BQE has high variability or is for other reasons associated
with low confidence (EC 2005). Here, macroinvertebrates were excluded (see section 3.1).
Rule 3: "Avg" (Average). Following the WISERBUGS method (Clarke, 2013, see section
3.1.), the status class for each BQE was converted to an integer (H=1, G=2, M=3, P=4, B=5),
and the arithmetic average for all BQEs was calculated. This conversion implies that the
proximity of an index value to class boundaries is ignored, which is not ideal. We
nevertheless chose to base the average on integers instead of the actual nEQR values, to make
our results comparable with other studies using WISERBUGS (e.g., Caroni et al., 2013;
Kolada et al., 2013). If the average was halfway between two classes, it was assigned to the

worse of the two classes.

! A more detailed illustration of normalisation of EQR values can be found in the European Environment
Agency's Data Dictionary for Lakes: http://forum.eionet.europa.eu/nrc-eionet-
freshwater/library/wise_reporting_2011/biological_reporting/biologydd_20110617jpg

9
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Rule 4: "Avg-W" (Weighted average). The status classes were converted to numeric values as
for Rule 3, but the class value for each BQE was multiplied by a weight inversely related to
the uncertainty assumed for the BQE (see section 3.1). In this study macroinvertebrates were
down-weighted (weight = 10%) relative to the other BQEs (each 22.5%).

The notation "OOAO(-E)" will be used when the two rules OOAO and OOAO-E are

considered jointly, and "Avg(-W)" for the two rules Avg and Avg-W considered jointly.

3. Calculation: the WISERBUGS method for estimating risk of misclassification

For analysing the risk of misclassification, we adopted the WISERBUGS method (Clarke,
2013). The method assumes that index values used for ecological classification of a
waterbody follow a normal distribution that can be specified by the mean and standard
deviation of replicated samples. The standard deviation (SD) then represents the sampling
uncertainty of the index. The estimated mean and SD defines a normal probability
distribution, from which resamples of the index can be simulated by random drawing. This
method recognises that the true status class of a waterbody is unknown, but considers the
assessment based on the measured index value (cf. Table 2) as the "correct” class.
Misclassification of the simulated index values is defined as assignment to any other class
than the "correct” class. The risk of misclassification is thus based on the precision of the
index values, which is measured by standard deviation (SD), but does not consider the

accuracy (the proximity to the unknown correct status) (Clarke, 2013).

3.1. Uncertainty in index values

10
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Following the WISERBUGS method, characterisation of the probability distribution and
estimation of sampling variation for indices should ideally be based on a large number of
properly replicated samples, which are not available in most biological studies including ours.
However, our aim was not to predict the exact risk of misclassification, but to compare the
relative risk of misclassification for different levels of uncertainty. Therefore a pragmatic
approach was taken: where possible, the SDs for each BQE was based on multiple samples
from the same lake (taken at different stations, in different seasons or by different personnel),
and calculated as pooled SD ("SD1") for all lakes. This uncertainty measure may be
considered to include spatial and/or temporal variation in addition to sampling variation. For
phytoplankton (SD1 = 0.056) and phytobenthos (SD1 = 0.046), the SD1 was calculated from
4 lakes with 2-3 stations sampled once in summer and once in autumn, respectively. For
macrophytes (SD1 = 0.051), the SD1 was calculated from 10 lakes surveyed by 2-3 different
persons, once in the peak of the growing season. The faunal indices had insufficient samples
for calculation of SD. However, since macroinvertebrates often had lower nEQR values that
the other BQEs, we were particularly interested in how the exclusion or down-weighting of
this BQE would affect the overall assessment and risk of misclassification. The
macroinvertebrate index is used in national classification but the assessment system has not
yet been intercalibrated with the systems of other Central-Baltic countries (Bohmer et al.,
2014), therefore this index was associated with lower confidence than the botanical indices.
To reflect this lower confidence, we chose as a pragmatic solution to assign higher uncertainty
for the macroinvertebrate index (SD1 = 0.10) than for the other BQEs. For fish, for simplicity,

the sampling uncertainty was set to the same level as the botanical elements (SD1 = 0.05).

3.2. Resampling and probability of misclassification of BQEs and lakes

11
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The modelling approach in this study follows the WISERBUGS method (Clarke, 2013):
stochastic simulation of biological index values with sampling uncertainty, and calculation of
misclassification under different combination rules. Three levels of uncertainty were applied,
denoted SD1, SD2 and SD3. Uncertainty level SD1 corresponds to the estimated or assumed
SD for the respective indices, as described above. For level SD2, the SD for each BQE was
multiplied by V2 (i.e., the variance was doubled). In level SD3, correspondingly, the SDs
were multiplied by V3. We simulated 10,000 resamples for each BQE in each lake, classified
each resample and calculated the proportion of misclassified resamples compared with the
"correct” class. The simulation routine was programmed in R version 2.14.1 (R Development

Core Team, 2011), and can be summarised in the following steps, for each lake.

1. For each BQE and each SD level, assume that the index values follow a normal probability
distribution N ~ (mean, SD) defined by the mean index value for the lake (in EQR scale;
Table A.1) and the pooled SD (section 3.1).

2. For each BQE and each SD level, simulate 10 000 samples (index values) drawn randomly
from their respective probability distributions N ~ (mean, SD).

3. For each simulation, assess the status class for each BQE based on their respective index
values and class boundaries.

4. For each simulation and each BQE combination rule, assess the integrated status class for
the lake according to the obtained BQE status classes.

5. For each SD level and each combination rule, calculate the proportion of "correct”
classification as the number of simulations with the same class as obtained for the input data
with the same combination rule (Table 1) divided by the total number of simulations. The
remaining proportion of simulations represents the probability of misclassification (under the

given combination rule).

12
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For example, for macrophytes in Lake Kietpinskie, the mean EQR is 0.51 (Table A.1) and the
pooled SD1 is 0.051 (section 3.1). Simulation of 10 000 resamples from the normal
distribution N ~ (mean=0.51, SD=0.051) resulted in 60.03% resamples in high class and
39.96% in good class, as displayed in Fig. 2a (leftmost bar). Since the "correct™ class in this
case is high (cf. Table 2), the probability of misclassification is 39.96% (Fig. 2b, leftmost

bar).

3.3. Cross-lake comparisons of risk of misclassification

The risk misclassification for the ten lakes combined was analysed by linear models, with the
response variable being the number of misclassified simulated resamples for each lake (as
described in section 3.2, step 5). Significant difference in misclassification among BQEs was
tested both with BQE as a single predictor variable (one-way ANOVA) and with SD as a
continuous co-variable (ANCOVA). The dataset used for this test comprised the number of
misclassifications in the 10 lakes x 5 BQEs x 3 SD levels (in total 150 records). Likewise,
difference in misclassification among combination rules was tested both with combination
rule as single predictor variable and with SD level as a co-variable (dataset: 10 lakes x 4
combination rules x 3 SD levels; in total 120 records). In addition, the number of over- and
underclassifications were also used as alternative response variables. Pairwise comparison of
the number of misclassifications between BQESs and between combination rules was
performed by Tukey's "honestly significant difference™” method (using the R function

"TukeyHSD").

13
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Ecological status assessment sensu WFD should in principle be applied to waterbodies (and
their components), not to larger geographical levels such as catchment. Nevertheless, to
describe more general patterns for the whole catchment in this case study, an "aggregated
class" for all lakes combined was assigned to each BQE and each combination rule (i.e., the
class with the highest proportion of resamples for all lakes combined). For each BQE and
combination rule, the number of misclassifications for all lakes combined was calculated as

the total number of resamples for all lakes deviating from the correct "aggregated class".

4. Results and Discussion

4.1. Cross-lake patterns in status classification: effects of BQE combination rule

Averaging the status class of individual BQEs generally resulted in higher status than
applying the OOAO rule (nine out of ten lakes; Table 2), as expected. Different combination
rules for BQE classes have been explored and compared to the OOAO in several other
studies, such as average (Caroni et al., 2013; Noges and Noges, 2006; Sutela et al., 2013),
median (Alahuhta et al., 2009; Caroni et al., 2013; Rask et al., 2010), and weight-of-evidence
approaches or decision trees (Borja et al., 2009; Gottardo et al., 2011; Verissimo et al., 2013).
In each case, the alternative rule has given equal or better classification than the OOAOQ.
Many of the authors have expressed concerns that the OOAO seems too conservative,
especially when several BQEs are used. For example, the two largest lakes in Estonia
(\ortsjarv and Peipsi) both obtained moderate status, while more subjective expert-based

estimates suggest that the status should be good (N6ges and Noges, 2006).
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Excluding macroinvertebrates (rule OOAO-E) improved the "correct™ class compared with
the OOAO for only two lakes (Table 2; Lake Grady and Lake Hartowieckie). In these two
lakes, the macroinvertebrates had the lowest status. Correspondingly, down-weighting
macroinvertebrates when averaging the BQEs improved the "correct™ class for only two lakes
(Table 2; Lake Dabrowa Mata and Lake Grady). For Lake Dgbrowa Mata there was large
disagreement among the BQEs, ranging from high to poor. Therefore, down-weighting one of

the two poor BQEs was sufficient to shift the "correct” class from moderate to good.

4.2. Misclassification of individual BQEs: effects of uncertainty

Higher SD levels generally increased the risk of misclassification at the BQE level (e.g., Lake
Kielpinskie, Fig. 2b), as could be expected. However, the probability distribution across status
classes for the simulated samples (Fig. 2a) was also determined by the proximity of the index
value to a class boundary. The proximity to a class boundary in normalised EQR scale can be
inferred from the normalised EQR values in Table 2. For Lake Zarybinek, for example, the
nEQR of phytoplankton and macrophytes (0.39 and 0.37, respectively) were just below the
moderate/poor boundary (0.4). This was reflected in the simulated resamples and resulting
classification at the BQE level (Fig. 3a): the two mentioned BQEs had almost equal
probability of assessment to moderate or poor class. Consequently, the probability of
misclassification (Fig. 3b) was high (>40%) for these BQESs. For these BQES where
misclassification was already high due to the proximity to a class boundary, higher SD

typically increased this risk only slightly.

The importance of uncertainty in index values for risk of misclassification at BQE level, as

demonstrated here, has also been clearly demonstrated in previous studies (Caroni et al.,
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2013; Clarke et al., 2006; Kelly et al., 2009b; Ruse, 2010; Szoszkiewicz et al., 2007). The
estimated or assumed sampling uncertainty for the BQEs in this study (approx. 0.05 - 0.10)
were based on few samples, but correspond well to SD levels estimated for index values in
other studies (with similar index scale; 0-1). Examples include invertebrates in rivers (SD
0.058-0.065; Clarke et al., 2006), invertebrates in lakes (SD 0.032-0.094; Caroni et al., 2013),
diatoms in rivers and lakes (temporal variation; SD approx. 0-0.1; Kelly et al., 2009b). The
SD levels in this study can therefore be considered to be within a realistic range for sampling
uncertainty. For monitoring and classification in practice, index values will also be affected
by other sources of uncertainty (e.g. natural temporal variation in the ecosystem). The higher
levels of uncertainty used in the simulations (SD2 up to 0.20) might be considered a

conservative estimate of other uncertainty sources as well.

The importance of an index value's proximity to class boundaries for the risk of
misclassification of the BQE has also been demonstrated in numerous other studies
(Carstensen, 2007; Clarke and Hering, 2006; Kelly et al., 2009b; Kolada et al., 2013; Ruse,
2010; Szoszkiewicz et al., 2007). However, although the proximity to a class boundary
represents a source of uncertainty for the classification, this factor is not an error that can be
reduced. Thus, instead of defining the status as one class (e.g. poor for phytoplankton in Lake
Zarybinek, Fig. 3a), one might consider the proximity to class boundaries and describe the
status as "poor-to-moderate™, or in probabilistic terms (e.g. 60 % poor and 40% moderate). A
more advanced approach - a fuzzy inference system - was used by Gottardo et al. (2011): they
considered also uncertainty in the class boundaries and assigned the membership of each
index to two neighbouring classes, expressed by percentages. If the status of a BQE is defined
as belonging to two classes in such a probabilistic way, the very concept of misclassification

should be reconsidered.
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4.3. Misclassification of individual lakes: effects of BQE combination rule and uncertainty

As for individual BQEs, the misclassification of whole lakes increased with the level of SD.
However, the effects of SD for individual lakes were confounded by the effects of proximity
of index values to class boundaries. For Lake Kietpinskie, the pattern of misclassification
under the OOAO(-E) rules (Fig. 2d) reflected the pattern of the worst BQE (macrophytes and
macroinvertebrates; Fig. 2b). Under the Avg(-W) rules, in contrast, the risk of
misclassification was very low (Fig. 2d), reflecting the fact that most index values were far
from the class boundaries (cf. Fig. 2a and Table 2). For Lake Zarybinek, in comparison, the
Avg(-W) rules resulted in a high degree of overclassification compared with the OOAO(-E)
rules (Fig. 3d); this reflects that three of the BQESs were close to an upper class boundary (as
described above; Fig 3c). For Lake Dabrowa Mata, where several BQEs had almost equal
probability of two neighbouring classes (Fig. 4a), and thus high risk of misclassification (Fig.
4b), the "correct” lake class was altered by changed weighting in the combination rule (Fig.
4c). In this case, the large difference in risk of misclassification for Avg-W vs. Avg (Fig. 4d)

was due to the shift in the "correct” class.

The currently recommended modification of the OOAOQ rule - excluding the BQE with
highest uncertainty (EC 2005) - will automatically reduce the risk of underclassification.
However, there is also a risk that the excluded BQE actually is the most vulnerable
component, and that excluding this element will result in e.g. good status when moderate
status would be more appropriate, and therefore will fail to protect this BQE. More generally,
from a scientific point of view, discarding available information (even if uncertain) is not the
best means for obtaining a more reliable result. Moreover, if one BQE is routinely excluded

from status classification, it is more likely that it will eventually be excluded from monitoring
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programmes (Sgndergaard et al., 2005); this loss of information may in the long run increase

the risk of inappropriate management decisions.

The average combination rules may seem favourable from a statistical point of view, because
they make better use of all available information, and give more robust and balanced results
also under high uncertainty. However, these combination rules will not necessarily ensure the
protection of the whole ecosystem, especially in cases where there is large disagreement
among the BQEs (e.g. Kielpinskie, Fig. 2). Down-weighting of BQEs with low confidence
may reduce the risk of misclassification (Fig. 6b), but may also fail to protect the most
sensitive BQEs (e.g. Dagbrowa Mata, Fig. 4). Moreover, weighted average or other weight-of-
evidence approaches (e.g., Gottardo et al., 2011) are not straightforward to implement,
because the choices will need to be justified, and there is a risk that the weighting can be
manipulated in order to obtain desired results. Guidelines for weighting of different BQEs,

e.g. based on uncertainty or other measures of confidence, would therefore be useful.

4.4. Cross-lake patterns in misclassification: effects of uncertainty under different

combination rules

The "aggregated class™ of individual BQEs for all lakes combined (see section 3.3) ranged
from poor to good (Fig. 5a), and was not affected by the uncertainty level in index values
(SD1 - SD3). Nevertheless, the uncertainty levels affected the probability distribution across

status classes, and hence the risk of misclassification (Fig. 5b).

The inclusion of uncertainty also revealed a more nuanced picture of the overall effects of

combination rules. Although exclusion of macroinvertebrates generally did not alter the
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"correct” lake class compared to the OOAO combination rule (Table 2), it shifted the overall
aggregated distribution of simulated classes towards higher status (Fig. 5¢). Consequently, the
overall rates of misclassification were slightly reduced by this modification of the

combination rule (Fig. 5d).

Analysis of among-lake variation in misclassification for individual BQEs showed significant
effects of both BQE (F4,144 = 10.58, p < 0.001) and SD level (F1 144 = 29.23, p<0.001). The
Tukey HSD test (Fig. 6a) revealed that on average, misclassification was significantly higher
for macroinvertebrates and macrophytes than for phytobenthos and fish, with phytoplankton
in-between. The extra high SD for assumed macroinvertebrates (approximately twice as high
as for the other BQES) did not result in a correspondingly high rate of misclassification for
this BQE; this indicates that the proximity to class boundaries is an equally important factor
for the risk of misclassification. The bias towards overclassification (Fig. 6a), especially for

macrophytes, reflects that the index values were often close to upper class boundaries.

The probability of misclassification did not differ significantly among the different
combination rules, according to the ANOVA test (Fig. 6b). However, the combination rules
influenced the numbers of under- or overclassification. The number of underclassifications
were significantly lower under the Avg(-W) rules than under the OOAO rule (F3 116 = 8.68, p
< 0.001). Conversely, the Avg rule resulted in more overclassifications than OOAQ (F3 116 =

3.30, p < 0.03).

The effect of SD level on the number of misclassifications of whole lakes varied among the
combination rules. For the two OOAOQ(-E) rules, the rate of misclassification increased

significantly with SD (Fyss = 8.61, p < 0.005). In contrast, under Avg(-W), misclassification
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was not significantly affected by SD (F1 55 = 0.148, p < 0.70). Correspondingly, the number of
underclassifications increased with SD under the OOAO(-E) rules (F1ss = 3.31, p = 0.062),
but was not affected by SD under the Avg(-W) rules (F1 55 = 1.60, p = 0.21). The number of

overclassifications was not affected by SD (both F1 53 < 0.73, p > 0.39).

A similar pattern was found by Caroni et al. (2013), using the WISERBUGS simulation
approach for Swedish lakes with data on 2-4 BQEs with SD ranging from 0.00001 to 0.25:
The proportion of misclassifications, as well as the bias towards "underclassification”,
increased more with SD when BQEs were combined by OOAOQ than when BQE classes were

averaged.

In conclusion, three tendencies can be inferred from the aggregated distribution of status of all
lakes (Fig. 5) and from the statistical testing of percentage misclassification among lakes.
First, the total number of misclassifications is slightly higher under the OOAO rule than under
the other three combination rules. Second, under the OOAO there are considerably more
underclassifications than overclassifications; under the other combination rules these two
types of misclassifications are more balanced. Third, higher uncertainty (SD) increases the
percentage of misclassification, and especially the percentage of underclassification, more
under the OOAOQ than under the other rules. In other words, because the OOAO rule never
gives "the benefit of the doubt", higher levels of doubt (uncertainty) will generally lead to

stricter assessments.

4.5. Implications for water management policy
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The most critical outcome of status classification may be whether a waterbody fails to meet
the WFD objective of good ecological status, and therefore will need restoration measures.
Classification with the OOAO rule resulted in moderate or worse status for all lakes in the
Wel catchment; accordingly all of these lakes need restoration. The average combination rules
improved the status from moderate to good in two cases; the weighted average even improved
the status from poor to good in one case. In such situations, the choice of a strict combination
rule such as the OOAO can determine management decisions in favour lake restoration, and
therefore cause considerable economic costs (Prato et al., 2014). Conversely, selecting a more
liberal average-based combination rule e.g. for Kielpinskie would imply that lake restoration
is not needed, even though the moderate status of two BQEs indicated that improvement was

needed in this case.

For lake management in practice, the quantification of uncertainty of index values (as
required by the WFD) may be difficult, and estimation of the risk of misclassification will
therefore be a challenge. Based on this study, it is not possible to conclude for a given lake
that an average-based combination rule will give higher or lower risk of misclassification than
the OOAO rule. Nevertheless, one can generally expect that the risk of misclassification will
be more affected by uncertainty in index values if the OOAO combination rule is used
compared with an average-based rule. Moreover, using the OOAO, one can expect a higher

risk of underclassification compared with overclassification if the uncertainty is high.

The OOAO rule for classification of waterbodies was recommended by the EC (2005) as a
means implementing the precautionary principle and protecting the whole ecosystem.
Moreover, the biological indices based on different taxonomic groups may indicate

anthropogenic pressures of different types (e.g., nutrient enrichment vs. habitat degradation)
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or occurring at different spatial and temporal scales (e.g., local habitats vs. watershed-level)
(Carlisle et al., 2008; Walters et al., 2009). In this respect, the OOAO rule makes more sense

than other, less conservative rules.

Although the OOAO rule is simple to implement in practice, the consequences of using this
rule become more complicated when considering the effects of uncertainty, as shown by our
analysis and by Caroni et al. (2013). In future versions of guidelines for WFD
implementation, these findings should be considered and alternative combination rules should
be discussed. Like other authors (Alahuhta et al., 2009), we will not conclude by
recommending one particular combination rule as the most appropriate, but hope that our
results contribute to a better understanding of the benefits and shortcomings of different

combination rules when applied to different ecosystem.

We support the statements that more research is needed on combination rules for integrated
waterbody assessment under uncertainty (Caroni et al., 2013; Noges et al., 2009). The existing
datasets in this and other cited studies provide opportunities for more investigation using
simulation approaches such as WISERBUGS, e.g. with different criteria for weighting BQEsS
and different uncertainty levels under alternative combination rules. The aim should be to
obtain a combination rule that ensures the protection of the whole ecosystem elements under
pressure, while the risk of underclassification and "false alarm" for restoration is acceptable

for waterbody management in practice.
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Appendix A

Table A.1. Mean index values in EQR scale for each BQE.

Lake name

Dabrowa
Wielka
Dabrowa
Mata
Rumian
Zarybinek
Tarczynskie
Grady
Lidzbarskie
Kietpinskie
Hartowieckie

Zwiniarz

Biological quality element (BQE)?

PP

0.42

0.39

0.31

0.39

0.12

0.30

0.34

0.81

0.46

0.18

PB

0.70

0.82

0.70

0.59

0.56

0.79

0.67

0.69

0.78

0.85

MP

0.67

0.50

0.39

0.32

0.33

0.33

0.32

0.44

0.48

0.26
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MI

0.53

0.43

0.38

0.36

0.09

0.06

0.24

0.59

0.31

0.28

FI

0.78

0.94

0.61

0.39

0.08

0.31

0.36

0.94

0.33

0.25
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Table A.2. Class boundaries in EQR scale used for status classification and for calculation of

normalised EQR values, for each biological quality element (BQE).

BQE® Class boundaries®
H/G G/IM
PP 0.8 0.6
PB 0.8 0.6
MP 0.68 0.51
M 0.9 0.69
Fl 0.69 0.45

& PP = phytoplankton, PB = phytobenthos, MP = macrophytes, Ml = macroinvertebrates, FI =

fish

P H = high, G = good, M = moderate, P = poor, B = bad

32

M/P

0.4

0.4

0.34

0.45

0.25

P/B

0.2

0.15

0.17

0.21

0.1



Figure

Figure captions

Fig. 1. Location of the study area. Upper left panel: map of Europe with location of Poland;
lower left panel: map of Poland with location of the Wel river catchment; right panel: location
of ten lakes within the Wel river catchment in North-Central Poland. The numbers refer to

lake names in Table 1.

Fig. 2. Uncertainty in classification of Lake Kielpinskie for different biological quality
elements (BQEs), different BQE combination rules and different uncertainty levels in BQE
index values. For more information on the lake, see Table 1. The labels above the bars show
the "correct class" (cf. Table 2). For abbreviations and more details, see Table 2. The
distribution of status classes based on 10,000 simulated resamples (see section 3.2). (a)
Percentage of status classes assessed for each BQE and for each uncertainty level (1, 2, 3). (b)
Percentage of resamples of each BQE categorised as underclassification and
overclassification, respectively. (c) Percentage of waterbody status classes assessed for each
BQE combination rule and for each uncertainty level. (d) Percentage of waterbody status

classes categorised as underclassification and overclassification, respectively.

Fig. 3. Uncertainty in classification of Lake Zarybinek for different biological quality
elements (BQEs), different BQE combination rules and different uncertainty levels in BQE

index values. For abbreviations and more details, see Fig. 2.

Fig. 4. Uncertainty in classification of Lake Dgbrowa Mata for different biological quality
elements (BQEs), different BQE combination rules and different uncertainty levels in BQE

index values. For abbreviations and more details, see Fig. 2.



Fig. 5. Summarised uncertainty in classification of all ten lakes combined for different
biological quality elements (BQEs), different BQE combination rules and different
uncertainty levels in BQE index values. In plots (a) and (c), the percentage of resamples for
each status class is summed for all lakes. The "correct aggregated status" is the class with the
highest proportion of resamples for all lakes combined, for each BQE (a) and each

combination rule (c), respectively. For abbreviations and more details, see Fig. 2.

Fig. 6. Outcome of the analysis of variance (ANOVA) in misclassification for the ten lakes by
different BQEs, different combination rules and different levels of uncertainty in individual
BQE index values. The calculation of misclassification for each simulated resample is
described in section 3.2, step 5. The displayed percentage of misclassification represents the
average number of misclassified resamples for all lakes. The letters above the bars in plot (a)
indicate significant differences between BQEs according to the ANOVA (see method
description in secction 3.3): pairs of BQEs with significatntly different percentage of
misclassification have no common letters above the bars. For abbreviations and more details,

see Fig. 2.
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Table

Table 1
The main characteristics of the ten lakes used in the study. Mixing types: s = stratified, ns = non-stratified. Land use forms: NAT = natural and

semi-natural; AGR = agriculture, URB = urban. After Soszka (2011). For geographic location, see Fig. 1.

Surface Max Mean Retention Mixing Catchment  Land use in catchment (%)

No. Lake area depth depth time area

(km?) (m) (m) (years) type (km?) NAT  AGR URB

1 \[/)V%‘;f(k’zva 6.15 347 8.2 2,50 s 955 26 762 1.2
2 ]'\)Azl?;owa 1.73 345 10.0 0.59 s 1591 255 738 1.0
3 Rumian 3.06 14.4 6.5 0.36 S 254.4 22.5 76.7 0.8
4 Zarybinek 0.74 7.0 2.4 0.03 ns 270.1 22.7 76.4 0.9
5  Tarczynskie 1.64 9.2 3.8 0.10 ns 296.2 23.8 75.4 0.8
6  Grady 1.13 9.1 4.7 0.10 ns 332.9 25.8 73.4 0.8
7 Lidzbarskie 1.22 25.5 10.1 0.12 S 534.3 29.4 69.3 1.3
8  Kielpinskie 0.61 11.0 6.1 2.50 S 14.3 56.9 42.8 0.3
9  Hartowieckie 0.70 5.2 2.9 1.11 ns 8.7 17.9 82.1 0.0
10  Zwiniarz 0.50 5.8 3.0 1.11 ns 7.9 34.3 65.7 0.0



Table 2

Ecological status of the ten lakes (Table 1) based on data for each biological quality element (BQE) and integration of all BQEs using different

combination rules (see section 2.3). The values under BQEs are normalised ecological quality ratios (nEQR; see section 2.2). Ecological status

classes correspond to the following intervals of nEQR: 0-0.2 = Bad, 0.2-0.4 = Poor, 0.4-0.6 = Moderate, 0.6-0.8 = Good, 0.8-1 = High.

Lake name

Dabrowa
Wielka
Dabrowa
Mata
Rumian
Zarybinek
Tarczynskie
Grady
Lidzbarskie
Kietpinskie
Hartowieckie

Zwiniarz

Biological quality element?

PP
0.42

0.39

0.31
0.39
0.12
0.30
0.34
0.83
0.46
0.18

PB
0.70

0.82

0.70
0.59
0.56
0.79
0.67
0.69
0.78
0.85

MP
0.79

0.59

0.46
0.37
0.39
0.38
0.38
0.51
0.56
0.30

MI
0.47

0.38

0.34
0.33
0.09
0.06
0.23
0.52
0.28
0.26

Fl
0.86

0.96

0.73
0.54
0.16
0.46
0.51
0.96
0.48
0.40

Combination rule®

OOAO
Moderate

Poor

Poor
Poor
Bad

Bad
Poor
Moderate
Poor
Bad

& PP = phytoplankton, PB = phytobenthos, MP = macrophytes, M| = macroinvertebrates, Fl = fish

OOAO-E
Moderate

Poor

Poor
Poor
Bad
Poor
Poor
Moderate
Moderate
Bad

Avg
Good

Moderate

Moderate
Poor
Poor
Poor
Moderate
Good
Moderate

Poor

Avg-W
Good

Good

Moderate
Poor
Poor
Moderate
Moderate
Good
Moderate

Poor

® OOAO = one-out, all-out, OOAO-E = one-out, all-out after exclusion of MI, Avg= average; Avg-W = average with down-weighting of M|
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Fig. S1. Uncertainty in classification of Lake Dabrowa Wielka for different BQEs, different

BQE combination rules and different levels of uncertainty in individual BQE index values.

For more details, see Fig. 2.
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Fig. S2. Uncertainty in classification of Lake Rumian for different BQEs, different BQE

combination rules and different levels of uncertainty in individual BQE index values. For
more details, see Fig. 2.



Bad Moderate Poor Bad Bad Bad Bad Poor Poor
100 100 —
S <
< 80 < 80
c c
i ] i) _
2 60 = 60
L 2
% 40 B 40
[%2] %]
< <
O 20 7 O 20 ]
07 12 3 123 07 12 3 1 2 3 1 2 3
T T T T T T T T T
PP PB MP Mi Fl OOAO OOAO-E Awgy Awg-W
BQE Combination rule
(b) (d)
Bad Moderate Poor Bad Bad Bad Bad Poor Poor
100 100
X 2
5> S
c 80 — 80
<] i)
= =
S 60 S 60
b= b=
[} ]
g 40 (_cg 40
5} 5]
D 90 2 20
= =
o0 o0 - =1 1 R
12 3 123 123 123 123 1 2 3 1 2 3 1 2 3 1 2 3
T T T T T T T T T
PP PB MP Ml FI OOAO OOAO-E Awgy Awg-W
BQE Combination rule

Fig. S3. Uncertainty in classification of Lake Tarczynskie for different BQEs, different BQE

combination rules and different levels of uncertainty in individual BQE index values. For

more details, see Fig. 2.
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Fig. S4. Uncertainty in classification of Lake Grady for different BQEs, different BQE

combination rules and different levels of uncertainty in individual BQE index values. For
more details, see Fig. 2.
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Fig. S5. Uncertainty in classification of Lake Lidzbarskie for different BQEs, different BQE

combination rules and different uncertainty levels in BQE index values. For more details, see

Fig. 2.
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Fig. S6. Uncertainty in classification of Lake Hartowieckie for different BQEs, different BQE
combination rules and different levels of uncertainty in individual BQE index values. For
more details, see Fig. 2.
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Fig. S7. Uncertainty in classification of Lake Zwiniarz for different BQEs, different BQE

combination rules and different levels of uncertainty in individual BQE index values. For

more details, see Fig. 2.
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