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the statistical test addressing this question is that the actual mean 
concentration (µ) is above the guideline value. 
 

It is also consistent with the approach used in evaluating Objective 1 (or Scenario 1), I 
think. 
 
When both null is a composite hypothesis, the size of the test is usually computed at the 
boundary of the hypothesis, e.g., for the null H0 : µ ≥ C , the size is evaluated at µ = C. In 
effect, the composite null is replaced with a simple null hypothesis.  When the alternative 
is a composite, the test doesn't have a single value of power.  Rather, the power depends 
on the particular point in the alternative that happens to be true.  The definition of power 
given above makes this point, as does Andy Jahn's discussion of effect size.  The effect 
size is just the difference between the value of the null hypothesis and the selected point 
in HA where power is evaluated.  For this reason, power analyses frequently are expressed 
in the form of power curves where the effect size is varied over the values in the 
alternative hypothesis while the other factors are held constant.  Power curves can be 
vary useful for informing decisions on sampling design and resource allocation, because 
alternative scenarios can be compared easily. 
 
Summarizing, a proper power analysis needs explicit statements of sampling design, null 
and alternative hypotheses, analytic procedure used to test the null hypothesis, 
specification of the Type I error size, and the effect size (or the point(s) in HA where 
power is to be evaluated.). The PAO would benefit greatly if these elements were clearly 
identified for all of the analyses carried out. 
 
Comments on Scenario 1 Power Analysis 
 
The analysis would benefit greatly from explicit statements of null and alternative 
hypotheses, and exactly where power is being evaluated.  From the discussion on one-
tailed versus two-tailed tests, I think the PAO uses H0 : µ ≥ C versus HA : µ < C.  The 
power is apparently evaluated at the observed mean value, which was also done in Lowe, 
et al., 2004.  That seemed odd to me when I initially reviewed Chapter 3 of Lowe, et al, 
(2004), and still seems like a very limiting approach to a power analysis.  Furthermore, in 
some cases, it leads to contortions like  
 

“Some contaminants are currently well above threshold values. To 
simulate power to detect future pollutant levels that are below thresholds 
in these scenarios, concentrations were adjusted to 20% below its 
threshold, and the one-tailed comparison was made with this simulated 
data. (PAO, p.7)  

 
Why not do an analysis that gives power curves as a function of departure from 
threshold?  This avoids the necessity of special handling of cases where the observed 
mean is close to the standard, provides much more information for design consideration, 
and really doesn’t take much more effort. Similarly, if sample size were one of the design 
parameters up for consideration, a power curve could be generated for a fixed effect size 
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and variable sample size.  More generally, one could generate a power surface as a 
function of sample and effect size.  The power surface could be presented as a two-way 
table.  One could also determine the combinations of effect size and sample size that 
would give a specified power. 
 
The PAO addressed Objective 1 assuming that H0 was assessed using a t-test and 
referenced SYSTAT software for power.  I’m not familiar with SYSTAT, but I presume 
that the power was calculated using a non-central t distribution.  It would be reassuring if 
that were explicitly stated. 
 
For a t-test applied to a particular population, the only population parameter that 
influences power is the variance.  Everything else is under the direct control of the 
investigator.  Thus, a good estimate of variance is essential to a realistic power analysis, 
so variance estimation should be the focus of the power analysis. This is the weakest 
point of the PAO:  variance estimation is either not well-described or done in a very off-
hand fashion.  
 
A brief description of the design of the data collection should be provided.  I’m familiar 
with the RMP design for water and sediment, but not for sport fish or bivalves. There is 
no mention made of how the sport fish data was collected (there is a citation that may 
have design information, but at least a summary should be included here). Design 
discussion is critical, because the statistical test used should be consistent with the 
manner in which data were collected.  
 
The GRTS design used to collect sediment and water is not a simple random sample 
(SRS), and analysis of data collected with a GRTS design using a t-test is not strictly 
appropriate.  However, a GRTS design will yield a lower standard error of the mean than 
an SRS design in the presence of spatial correlation of the response, so a t-test is likely 
conservative.  It follows that the power analysis based on t-test should be conservative, 
that is, power using a test that is consistent with a GRTS design will be higher than the 
power using a t-test.   
 
 
Comments on Scenario 1 Power Analysis 
 
Most of the power analyses for trend were carried out using a simulation model. (A 
different approach was taken in Appendix II). The choice to evaluate power using a 
simulation model is very reasonable.   However, when the choice is made to evaluate 
power via simulation, it is critical that the model chosen reflect all of the complexities of 
the actual population and design and that the parameters of the model are appropriately 
estimated.  Ecological variation frequently has a very meaningful structure. If the design 
for gathering the data to be analyzed for trend detection accommodates the variation 
present in the population and measurement processes, some of that variation may have 
virtually no effect on the ability to detect trend. The ability to detect trends in a regional 
population sampled in annual (or longer) time steps can be influenced by four major 
components of variance: (1) population variance, (2) interannual variance, (3) site–year 



Appendix IV RMP Power Analysis 2006 
 

  Appendix IV - 6              Appendix III - 6 

interaction, and (4) response variance.  Larsen, et al., (1995) provides an extensive 
discussion of these components in an ecological context.   
 
From the PAO,  

The model used in the simulation study was  
 
 yi = Yo – R(t) + ε1 + ε2     (Equation 1) 

Where, yi = an individual simulated contaminant concentration sample, Yo 
= the initial average concentration, R = annual rate of decline, t = time (in 
years), and ε1 and ε2 are normally distributed error terms that represent the 
intra- and inter-annual variation, respectively. 

 
Larsen’s interannual variance is equivalent to the ε2 component of PAO Eq 1.  The ε1 
component then encompasses every other source of variation.   
 
The model used in the PAO may not be complex enough to form the basis for a realistic 
power analysis.  A dominant feature of most ecological populations is that responses 
exhibit spatial pattern.  A GRTS design exploits that spatial pattern by ensuring spatial 
balance of the sample locations, so that the resulting estimates are more precise that those 
resulting from simple random sampling.  Since spatial correlation was not mentioned, I 
assume that the simulated error terms were generated independently, which probably 
does not reflect the true nature of intra-annual variation.  Furthermore, the responses may 
also be temporally correlated, so that the inter-annual error term is correlated.  The 
presence of correlation will tend to decrease the effective sample size, and hence decrease 
power.  This may be balanced by the increased precision that a GRTS design provides.  
Furthermore, the several components of variation impact the ability to detect trend in 
different ways.  If the components are present but not included in the model, a misleading 
estimate of precision can result. 
 
According to the PAO (P12, L1), trend detection for simulated values was performed by 
linear regression.  If statistical significance was carried out by the usual t-test from a 
standard regression package, then the significance level is almost certainly wrong.  The 
slope estimate produced by ordinary least squares is appropriate, but in the presence of 
interannual variation, the standard error of the estimate must be modified.  See, for 
example, the discussion in Larsen et al., (1995), Larsen et al., (2004), Urquhart, et al., 
(1998), or VanLeeuwen, et al.(1996) .  For example, Larsen, et al. (2004) give an 
expression for the variance of the slope estimate that explicitly identifies the role of the 
role of the several components of variance.  
 
Sport fish 
 
I'm not sure that I follow the discussion of the analysis of the sport fish data.  It sounds as 
if determination of the various components of variance were determined by applying a 
sequence of one-way ANOVAs, with each successive ANOVA applied to the residuals of 
the previous.  If a factor did not show significance, then it was dropped in subsequent 
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analyses. The correct approach would be to do a multi-factor ANOVA.  The problem in 
doing multiple single factor ANOVAs is that factor significance is understated so that 
important factors may be dropped.  For example, below are three ANOVAs of some 
artificial data.  The first is a one-way, & shows no significant treatment effect.  The 
second is also a one-way, and shows a highly significant effect of Factor B.  The third 
includes both factors, and shows significant effects for both factors.  The lack of 
significance in the first ANOVA occurs because the residual mean square is inflated by 
the effects of Factor B. The one-way ANOVA for Factor B indicates a significant effect 
of B, but the residual mean square is still inflated by the effects of Factor A in 
comparison the two-way ANOVA. The residual mean square is going to have the most 
influence on the power to detect trend, and smaller is definitely better.   
 
One-way Analysis of Variance Table (Factor A) 
            Df   Sum Sq  Mean Sq  F value  Pr(>F) 
A           4   38.012    9.503    1.7079  0.1798 
Residuals  25  139.105    5.564    
 
One-way Analysis of Variance Table (Factor B) 
            Df   Sum Sq  Mean Sq  F value     Pr(>F)     
B          2   76.217   38.109   10.198  0.0005023 *** 
Residuals  27  100.900    3.737                                   
 
Two-way Analysis of Variance Table (Factors A and B) 
            Df  Sum Sq  Mean Sq  F value     Pr(>F)     
A           4  38.012    9.503    3.4756  0.0232104 *   
B           2  76.217   38.109  13.9375  0.0001084 *** 
Residuals  23  62.887    2.734                       
--- 
Signif. codes:  0 '***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1   
 
Another approach would be to estimate components of variance and trends 
simultaneously, say by using the approach given in VanLeeuwen, et al.(1996).  They 
consider a mixed model with a trend, and show how to separate random effects of 
components such as site and year from fixed effects such as trend.   
 
Appendices I & II 
 
The methodology seems basically correct, but I’m concerned that relevant components of 
variance were not properly incorporated.  Of particular concern is the inter-annual 
variation.  For short time series, inter-annual variation can very easily be confused with 
trend. If inter-annual variation is not included in the model, a spurious estimate of trend 
and precision can result.  For example, the ANOVA given in Table 1, Appendix II, 
estimates trend from a data set with six sites and three years of data.  The ANOVA 
accounts for site variation but not inter-annual variation. The effect attributed to trend 
may very well be due to inter-annual variation, so the resulting power estimates could be 
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misleading. Also, if there is inter-annual variation, the estimate of the standard of the 
slope estimate must be modified, as commented on above. 
 
Unfortunately, distinguishing random temporal variation from change due to real trend 
with only a short time series available is beset with difficulty. The split of the temporal 
variation into a stochastic component and a deterministic component is essentially 
arbitrary.  Even though an estimate of the temporal slope may appear to be significantly 
non-zero, an alternative model that attributes the temporal variation to random 
interannual variation may provide an equally reasonable explanation.  The difficulty is 
greatly reduced with longer time series:  extraction of a trend component is much more 
feasible with 10 to 20 years of record.  An analysis of trend detection power based on less 
than ten years of data should be interpreted with caution. 
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