Ecosystem-specific nutrient criteria
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(A-D) Biological (BIO) responses for phytoplankton and clarity metrics versus TP for the variables with moderate-strong

regression tree analysis (RTA) fits ($0.30). Each data point represents a single lake. The plotted line is the cumulative frequency of the
1,000 bootstrapped thresholds (right-hand y-axis, proportion). The arrows refer to the thresholds identified from the individual RTA
analysis. Where there is more than one threshold identified, the solid arrow is the first threshold and dotted arrows are subsequent
thresholds. n is the number of lakes in each dataset. (E-G) Same as above except for zooplankton metrics.

region and are beyond the scope of our study here, but are
necessary to address when applying this or any other
framework.

Another challenging issue when developing nutrient
criteria is determining an acceptable allowance (i.e.,
deriving EXP4) for the expected nutrient concentrations.

In our application, TP criteria were set higher than
‘reference condition” (EXPy) through the incorporation of
an allowance term. However, lakes should be managed to
maintain resilience in response to potentially high in-
terannual variability in nonpoint P loading (Carpenter and
Cottingham 1997) and resulting high variability in lake TP
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Table 8.
median). n is the number of lakes below the threshold (top) and the number of lakes above the threshold (bottom). Units of BIO response metrics are the same as Table 7.

Resp. is response, and daph. biom. is Daphnia biomass. Values in bold have factors - 2.0, which we define as biologically important. The medians and factors are calculated at

three risk levels (1%, 10%, and 50%).
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and Chl a (Knowlton and Jones 2006). There is evidence
from modeling studies of single ecosystems that suggests
that we should take a precautionary approach in light of
the large uncertainties in limnological relationships, sto-
chastic interannual P inputs, and lags in implementing
policy (Carpenter et al. 1999). An important limitation to
our application of the BTPM framework to Michigan lakes
is the lack of quantification of interannual P variability
associated with CUR and EXP,, which can influence
resulting management recommendations (Stow et al. 1997).
Unfortunately, quantification of prediction uncertainty
associated with interannual variability requires a large
amount of data typically not available for substantial
numbers of lakes. Future applications of the BTPM
framework should incorporate these important factors
where data are available (Knowlton and Jones 2006) or
develop novel approaches, such as examining lake variance
as an indicator of thresholds (and regime shifts) in
ecosystems (Brock and Carpenter 2006) or taking a Bayes-
ian approach (Borsuk et al. 2004; Lamon and Stow 2004).

Finally, an important component in establishing any
standards for management is the quantification and
communication of uncertainty (Harris et al. 2003). In the
BTPM framework, uncertainty can be quantified for each
of the four major steps. However, there are tradeoffs
among complete modeling of uncertainty, implementation
ease, communication between managers and the public,
and data availability. In our application of the BTPM
framework for Michigan lakes, we incorporated uncertain-
ty in the first two steps. In our predictive HGM-LU model,
we incorporated model error by using the 75th confidence
interval for EXPA. For the BIO benchmarks, we quantified
uncertainty (defined as risk) using a bootstrap simulation
(King and Richardson 2003). Although we did not formally
propagate errors through to the final step of assigning each
nutrient criterion, we found that the BTPM algorithm is
somewhat robust for uncertainties from the previous two
steps, particularly the prediction of EXP4. For example, as
long as the predicted value of EXP, is in the same BIO
zone as its true value, then the nutrient criterion (and
consequently, the management action) remains the same.
We chose the simplest case in our Michigan lakes example
where we treat both the BIO benchmarks and the expected
conditions as single point values for demonstration
purposes and due to lack of data. To handle more complex
methods of quantifying uncertainty including Bayesian
analyses, one could treat both the BIO benchmarks and
expected conditions as ranges of values with probabilities
associated with those ranges. In sum, the BTPM frame-
work can be adapted to incorporate uncertainty at any level
of complexity.

Application of the BTPM framework to Michigan lakes—
In our application of the BTPM framework to Michigan
lakes, we used an HGM-LU model to predict TP in
Michigan lakes, and we generated BIO benchmarks by
searching for nonlinear relationships of commonly mea-
sured biological responses with TP. Next, we discuss issues
that arose during our application of these two specific steps
in more detail, pointing out limitations of our application,









