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Table 2. Power of the RMP bivalve sampling design to detect a significant (p < 0.05) 
decline when a 50% decline occurs over 20 years. Results are based on variance 
estimates from the historic RMP and State Mussel Watch PCB data, and other 
assumptions described in the text. 
   

 Sampling interval (sample every X years) 
Samples/event 1 2 3 4 5 

4 100% 99% 97% 91% 85% 
7 100% 100% 98% 96% 92% 
10 100% 100% 100% 96% 95% 
13 100% 100% 99% 97% 94% 
16 100% 100% 100% 98% 95% 

 
 
Figure 9. Matlab output for power analysis of bivalves. Model variability estimates are 
based on PCB data from 7 RMP/SMW monitoring stations. Model is run for a range of 
sampling frequencies (sampling every 1 to 5 years) and sample sizes (3 to 16 samples per 
sampling period). 
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Statistical Power Analysis of RMP Bivalve Tissue 
Samples 
 
Andy Jahn, Statistical Consultant 

Introduction 
Statistical power is the complement of the type-two error rate, the probability of 
accepting the null hypothesis of no effect when, in fact, the effect exists.  Thus in 
designing a program to have 95% power to detect an effect of a given magnitude, we 
intend to effect a type-two error rate ≤ 5%, or no greater than the customary type-1 error 
rate used in ecological work.  Power is positively affected by the type-1 error rate (here 
held constant), size of the effect sought, and the size of the sample, and negatively 
affected by error variance.  Ignoring the type-1 error rate, the factors under control of the 
investigator are the effect size, the sample size (usually equated with cost), and a 
sampling design that minimizes the proportion of the variance that ends up in the error 
term7.  These factors will be explained, with examples, in the next section. 

My task was to determine statistical power of the bivalve data set under future scenarios: 
 

• Scenario 1. Power to detect a 50% decline in contaminant concentration 
over a 20-year monitoring period (3.4% per year average linear decline). 

• Scenario(s) 2: Explore ways to reduce sampling costs while maintaining 
95% power to detect a decline rate of 3.4% per year. 
A secondary task was to estimate the recent rates of decline in PCBs, 
DDTs, and PBDE047. 

Methods 
I used files of combined State Mussel Watch (SMW) and Regional Monitoring Program 
(RMP) data for California mussel supplied by Ben Greenfield and Jay Davis (PCBs) and 
Jennifer Hunt (DDTs and PBDE047).  Only dry-weather data (June through October) 
were accepted.  Lipid-normalized contaminant data, on a dry weight basis were log-
transformed prior to analysis. 
In the case where an investigator has analyzed a data set, accepted the null hypothesis, 
and wishes to know the power to detect an effect if one were present, the assumptions of 
the power analysis are the same as those attending the original hypothesis test, and results 
of a power analysis can be accepted with the same confidence.  However, it is often the 
case that the investigator wishes to predict the power of a future data set.  This is the 
situation here.  To do this, we must make an assumption about the nature of the future 
                                                
7 As noted by Stevens (Appendix 4), this definition implies that the type of test and the form of the null and 
alternative hypotheses are already given.  Explicitly, the test assumed here is an ANOVA in which the 
variance is partitioned into a fixed SITE effect and a linear trend in time called YEAR.  The null hypothesis 
is that the slope due to YEAR is zero, and the alternative is that the slope is negative, i.e., that the tissue 
analyte concentration is declining. 
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data, i.e., that its variance structure will closely resemble that of the existing data set, 
except to the extent imposed by the stipulated effect size that we project on the data.  In 
the present case, we maximize the power to detect a trend by first partitioning the 
variance into spatial and temporal components, as shown below (Table 1).  The relative 
effects of site differences on future contaminant concentrations is impossible to know, 
and so acceptance of the analysis requires faith that the future will look like the recent 
past in this regard, i.e., that the ratio of variance due to SITE (SSSITE) to that in the 
residual error (SSError) will remain the same8 - in this example, 244:106.  (I also assumed 
that, unlike the recent past, there will be no missing data as we go forward, i.e., that each 
analyte will generate a value at each site in each year.) 

As shown in Table 1, the design of the sampling is basically that of a one-way ANOVA 
on sampling site (SITE) with time (YEAR) as a covariate.  In effect, we are factoring out 
site differences to test for trends through time.  To determine power, I used the methods 
of Cohen (1977), in which the effect size in the power analysis is calculated as L, the 
product of the degrees of freedom in the error term times a quantity called f2, the ratio of 
the proportion of variance due to YEAR (PVYEAR) to PVError.  L is thus a sort of signal-
to-noise ratio, scaled to sample size. 
 

Table 1. Partitioning of variance of log-transformed PBDE047 in California mussel from 
seven sites sampled in 2002, 2003, and 2005 (some sites dropped in some years due to 
missing data, or because the site had data for only one year; n=20). 

Source Sum-of-Squares PV df 

SITE .244 .480 6 

YEAR .158 .311 1 

Residual Error .106 .209 12 

Total .508 1  

 
From Table 1, we obtain f2 = .311/.209 = 1.49, and L=f2 • df Error = 1.49 • 12 = 17.9.  
From  Cohen's Table 9.3.2  for an ANCOVA with a type-1 error rate of 5% with a single 
covariate, we obtain power >99%.  This is in accord with the F test for Table 1, which 
gives a highly significant result (p≈0.001) for the effect of YEAR.   

                                                
8 The discerning reader will note, as has Stevens (Appendix 4), that part, or even all of the trend in a short 
time series can be due simply to random error.  In using this empirical estimate of the residual error 
proportion, my method probably over-estimates power, especially for PBDE047 (see the discussion of the 
slope in Figure 1, next section).  For DDTs and PCBs, based on 13 and 19 years, respectively, the probable 
error is relatively small, and may be compensated for by my use of the non-directional F test for slope.  
That is, for the one-sided tests anticipated in the future (see Footnote 1), the rejection zone for the F tests 
will be double the size used here. 
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From Table 1 we can also calculate a partial correlation coefficient for the effect of 
YEAR on log PBDE concentration by dividing the sum of squares for YEAR by the sum 
of SSYEAR and SSError, and taking the square root, i.e., r = (.158/(.158+.106))1/2 = -0.77 
(the sign will be confirmed in the next section).  The power analysis of Scenario 1 
proceeds in the reverse direction, by turning the slope of the projected decay rate into a 
correlation coefficient, and then adjusting the SSYEAR (leaving SSSITE and SSError 
unchanged, as discussed above) in Table 1 and re-calculating L: 
A slope of 3.4% per year equates in log space to a regression coefficient (β) = -0.015 (log 
of 0.966).  We then use the relation r = β • (σx/σy), where σx and σy are the standard 
deviations of YEAR (x) and the part of the PBDE concentration not due to SITE effects 
(estimated as the std. dev. of the residuals from a one-way ANOVA of log PBDE vs. 
SITE).  From the PBDE data used to generate Table 1, we get σy = 0.118.  The standard 
deviation of 20 sequential digits is 5.916, leading to r= -0.015 • 5.916/0.118 = -0.752.  
Squaring this result (R2 = .566) and doing some algebra yields Table 2, from which we 
obtain f2 = .283/.217 = 1.304 and L = 132 • f2 = 172.  Power under Scenario 1 is expected 
to be > 99%.  This is not a surprise, because the modeled r (-.75) is only slightly less than 
the observed r (-.77), which generated a highly significant ANCOVA result with only 
three years of data (12 df in the error term vs. 132 under Scenario 1).  Actual sums of 
squares in a 20-year data set will be much larger than the numbers in Table 2, but their 
ratios (PVs) under our assumptions are expected to be about as indicated.  Scenario(s) #2 
are calculated simply by figuring the degrees of freedom for various numbers of 
samplings and stations over a 20-year time period, as given in the results. 
 

Table 2. Scenario 1 for PBDE047, in which a which a 50% decline in tissue 
concentration is modeled by adjusting SSYEAR so that the ratio of SSYEAR to the sum of 
SSYEAR + SSError = the modeled partial R2 for YEAR. 

Source Sum-of-Squares PV df 

SITE .244 .500 6 

YEAR .138 .283 1 

Residual Error .106 .217 132 

Total .488 1  

 

Results 
The results of the power projections are summarized in the last section, both for clarity 
and for the sake of readers with limited time for details. 
PCBs 
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The RMP sum of PCBs, adjusted for lipid content and expressed as µg PCB per kg tissue, 
produced a data set spanning the years 1983 through 2003 with coverage of seven sites 
during the dry season.  Geometric mean PCB concentration decreased from about 4500 
ppb in 1983 to about 1900 ppb in 2003, for an average rate of -4.2% per year, somewhat 
greater than the rate of decline modeled in Scenario 1.  The PCB file has month 
information for all the samples, so it was possible to express the date as a decimal 
fraction of the year (DYEAR).  The variance partitioning is shown in Table 3.  Here, L is 
134 and Power >99%, in keeping with a highly significant ANCOVA.  
The std. dev. of the residuals of a one-factor ANOVA on SITE is 0.219, giving a modeled 
variance structure, as calculated in the Methods section, of SSYEAR= 0.626, PVYEAR = 
.164, PVError= .362, and f2 = 0.453.  For a 20-year program with no missing data going 
forward, we would have df Error = 132 and L=60 for Power > 99%.  Ninety-five percent 
power for an F test on an ANCOVA with a single covariate would be obtained when L = 
13.34, which with f2 = 0.453  would require 29 degrees of freedom.  We could 
approximate this by sampling every other year for 20 years at only 4 stations, giving 
dfError =34 and Power = 97%.  We might not want to reduce the number of stations so 
drastically, but it is obvious that there is a good deal of safety from the occasional 
missing data point, even with analyzing for PCBs every other year. 
 

Table 3. Partitioning of variance of log-transformed sum of PCB compounds in 
California mussel from seven sites sampled from 1983 to 2003 (some sites dropped in 
some years due to missing data, n=82). 

Source Sum-of-Squares PV df 

SITE 1.811 .318 6 

DYEAR 2.504 .439 1 

Residual Error 1.381 .243 74 

Total .508 1  

 

DDTs 
After filtering for dry-weather data, the data set for DDTs reduced to RMP samplings 
from 1993 to 2005.  Overall geometric mean DDT concentration ranged from 776 ppb in 
1993 to 234 in 2005 for an average annual decline of -8.8%, far more rapid than the 
decline of -3.4% per year modeled in Scenario 1.  The variance partitioning is shown in 
Table 4.  Here, L is 102 and Power >99%, in keeping once again with a highly significant 
ANCOVA. 
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Table 4. Partitioning of variance of log-transformed sum of DDTs in California mussel 
from seven sites sampled from 1993 to 2005 (some sites dropped in some years due to 
missing data, n=79). 

Source Sum-of-Squares PV df 

SITE .592 .126 6 

YEAR 2.428 .515 1 

Residual Error 1.691 .359 71 

Total 4.711 1  

The std. dev. of the residuals of a one-factor ANOVA on SITE is 0.230, giving a modeled 
variance structure, as calculated in the Methods section, of SSYEAR= 0.296, PVYEAR = 
.230, PVError= .656, and f2 = 0.175.  For a 20-year program with no missing data going 
forward, we would have df Error = 132 and L=23 for Power > 99%.  Sampling every other 
year would give 91% power.  Sampling every year at four sites would give 95% power, 
and sampling 2 out of every 3 years (14 out of 20) at all seven sites would give 97% 
power. 

PBDEs 
PBDEs have only been sampled at seven sites since 2002 (Table 1).  The average tissue 
concentration of PBDE047 in 2005 was 69% of that in 2002 (Figure 1), for an average 
annual decline of -8.8%.  The back-transformed fitted slope from a log-linear regression 
is -15% with a 95% confidence band from -4% to -24%.  (Of course, with such a small 
data set, there is no assurance that the trend is log-linear, and there is little basis for 
projecting it forward in time.) 
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Figure 1. Scatter plot of PBDE concentration by year, all data. 
As described in the Methods section, power for this small data set is >99%, in keeping 
with a highly significant ANCOVA.  From Table 2,  f2 = 1.304 and the power to detect a 
50% decline over 20 years is also >99%.  Even under the reduced slope of Scenario 1, a 
three-year sampling program at all seven stations would have >99% power to reject the 
null hypothesis; the same program with four missing data points scattered among years 
and sites would have 95% power, and a 4-year program with four sites would give 96% 
power. 
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Summary 
Power for the three tested classes of organic compounds in California mussel tissue is 
very good (Table 5), even under scenarios of reduced sampling frequency and reduced 
number of sites.  In all three analytes, the observed rate of reduction in tissue 
concentration was greater than 3.4% per year, which is equivalent to a 50% decline over 
20 years. 
 

Table 5. Summary of the power analyses assuming a 50% decline in tissue concentration 
over a 20-year period.   

Analyte # Years* # Sites Power (%) 

PCBs 20 7 >99 

" 10 7 >99 

" 10 4 97 

DDTs 20 7 >99 

" 10 7 91 

" 14 7 97 

" 20 4 95 

PBDE047 20 7 >99 

" 10 3 >99 

" 4 4 96 

* The scenarios are based on sampling every year (20) or every other year (10 of 20) except for 
the third scenario for DDTs, in which a two years on, one off schedule (14 of 20) is envisioned. 

 

Reference 
Cohen, J. 1977. Statistical Power Analysis for the Behavioral Sciences. (Rev.) Academic 

Press, 474 pp. 
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 Appendix III.1 An example of the format for presentation of power analyses to the TRC. Description of RMP management 
objectives can be found in the Appendix III.2. 
 
 

Design

Number 

of sites Frequency Season 1 2 3 4 5

95% Trend 

Power in Each 

Segment LSB SB CB SPB SUB

95% Threshold 

Power in Each 

Segment LSB SB CB SPB SUB Cost/yr

Status Quo 31 Annual Summer PCBs Hg on SSC $450,000

Hg PCBs

DDTs Ni

Pb

4 sites per 

segment 25 Annual Summer PCBs Hg on SSC $400,000

Hg PCBs

Se Cu

DDTs Ni

Pb

3 sites per 

segment 20 Annual Summer PCBs Hg on SSC $340,000

Hg PCBs

Se Cu

DDTs Ni

Pb

Biennial 31 Biennial Summer ? PCBs Hg on SSC 2 2 2 2 2 $225,000

Hg PCBs 2 2 2 2 2

Se Cu 2 2 2 2 2

DDTs Ni 2 2 2 2 2

Pb 2 2 2 2 2

Triennial 31 Triennial Summer ? PCBs Hg on SSC 3 3 3 3 3 $150,000

Hg PCBs 3 3 3 3 3

Se Cu 3 3 3 3 3

DDTs Ni 3 3 3 3 3

Pb 3 3 3 3 3

LEGEND KEY High value for this objective Power greater than 95% 2 Assessment made every second year

Medium value for this objective 3 Assessment made every third year

Some limited value for this objective

Objectives Addressed
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Appendix III.2 RMP OBJECTIVES AND MANAGEMENT QUESTIONS 
 
Every five years, an outside group of scientific experts reviews the RMP to assure its 
fulfilling its objectives and providing useful and timely information regarding the 
Estuary.  As part of the 2003 Program Review, the Review Panel stated “… that the 
Program must continue to evolve to ensure its long-term relevance.” In response to this 
comment, the RMP reviewed lessons learned from data collected over the last ten years 
and developed a new set of management objectives based on this data and water quality 
management questions.  These new management objectives were reviewed by the 
Technical Review and Steering Committees and approved in 2005. 
 
 
1. Describe the distribution and trends of pollutant concentrations in the 

Estuary 
1.1 Which pollutants should be monitored in the Estuary, in what media, and at 

what frequency? 
1.2 Are pollutants of concern increasing, decreasing, or remaining the same in 

different media?   
1.3 How are contaminant patterns and trends in the Estuary over time affected by 

remediation and source control or pollution prevention in the watersheds? 
1.4 Do pollutant concentration distributions indicate particular areas of origin or 

regions of potential ecological concern? 
1.5 What effects on beneficial uses or attainment of Water Quality Standards will 

occur due to large-scale habitat restoration in the Estuary in decades to come?  
 

2. Project future contaminant status and trends using current understanding of 
ecosystem processes and human activities 
2.1 Can reasonably accurate recovery forecasts be developed for major segments 

and the Estuary as a whole under various management scenarios? 
2.2 Can potential impairment and degradation be better anticipated in the face of 

projected changes in land and water use and management, as well as product 
use and disposal? 

2.3 Which pollutant categories are predicted to accumulate in the Estuary faster 
then they can be assimilated? 

2.4 Do pollutant trends reflect historical changes in use patterns, transport and 
transformation processes, or control actions? 

2.5 How will the importance of each pathway change through time under various 
management and development scenarios? 

2.6 What is the projected future loading of pollutants of concern under various 
management and development scenarios? 

2.7 What are the likely consequences of various management actions or risk 
reduction measures? 

2.8 Do pollutants show existing distributions that fit our current understanding or 
models of their origin, loads, and transport? 
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2.9 What changes in loadings or ecosystem characteristics (e.g., extent of restored 
tidal marsh, Estuary circulation and flushing, food web shifts) would reduce 
or increase pollutant exposures and effects? 

2.10 How are distributions and long-term trends in pollutants affected by current 
and predicted estuarine processes (e.g. sediment erosion, deposition, river 
inflows)? 

   
3. Describe sources, pathways, and loading of pollutants entering the Estuary 

3.1 Where are/were the largest pollutant sources, in what context are/were these 
pollutants applied or used, and what are/were their ultimate points of release 
into the aquatic environment? 

3.2 What are the circumstances and processes that cause the release of pollutants 
from both internal and external source areas? 

3.3 Once released, how do pollutants travel from source areas to the Estuary, what 
are the temporal and spatial patterns of storage, and are they transformed 
along the way or after deposition? 

3.4 What is the annual mass of each pollutant of concern entering the Bay from 
each pathway? 

3.5 Can data with high temporal resolution from a few watersheds be projected to 
other watersheds and the Basin as a whole? 

3.6 For each pollutant of concern, what forms are released from each pathway and 
what are the magnitude and temporal variation of concentrations and 
loadings? 

3.7 How do loads change over time in relation to management activities? 
3.8 What is the relative importance of pollutant loadings from different sources 

and pathways, including internal inputs, in terms of beneficial use 
impairment? 

 
4. Measure pollution exposure and effects on selected parts of the Estuary 

ecosystem (including humans) 
4.1 How are emerging problems reflected in exposure and effects measurements?  
4.2 Which (co-)factors (e.g., food web structure) influence exposure and effects of 

specific pollutants on biota? 
4.3 What ecological risks are caused by pollutants of concern? 
4.4 What human exposure to pollutants of concern results from consumption of 

fish and game? 
4.5 To what extent does exposure to multiple pollutants lead to effects?  
4.6 Which forms of pollutants cause impairment? 
4.7 To what extent do factors other than specific pollutants (invasive species, flow 

diversions, land use changes, toxic algal blooms) contribute to beneficial use 
impairment? 

 
5. Compare monitoring information to relevant benchmarks, such as TMDL 

targets, tissue screening levels, water quality objectives, and sediment quality 
objectives     
5.1 What percentage of the Estuary is supporting beneficial uses? 
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5.2 Which segments should be considered impaired and why, and how do 
segments compare in terms of recovery targets? 

5.3 How can specific source limitations, controls, and mitigation be best linked to 
appropriate beneficial use endpoints and recovery targets? 

  
6.  Effectively communicate information from a range of sources to present a 

more complete picture of the sources, distribution, fate, and effects of 
pollutants and beneficial use attainment or impairment in the Estuary 
ecosystem. 
This objective applies to all of the questions listed under objectives 1 – 5.   
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Appendix IV 
 
In the appendix that follows, peer review comments from Dr. Don Stevens, Jr. on the 
external draft of this report are provided. Dr. Stevens’ comments suggested changes to 
the report to clarify analyses and improve upon the statistical techniques employed. 
Firstly, Dr. Stevens identified areas of the report that required further detail. For example, 
Dr. Stevens suggested that the description of calculating variance for the comparison of 
concentrations to regulatory thresholds could be improved upon, and explicit statements 
of null and alternative hypotheses should be provided. Response to these comments 
resulted in changes to the methods and results sections of the report. Secondly, Dr. 
Stevens commented on statistical approaches that could have been performed differently 
to those presented in this report. However, upon further discussion between co-authors 
and Dr. Stevens, SFEI decided to not pursue such analyses for this report, as Dr. Stevens 
indicated that the modified approaches would likely not change our overall 
interpretations. Future attempts by the RMP to perform power analyses and optimization 
of the Program should consider Don Stevens’ recommendations of more sophisticated 
statistical techniques. These can be summarized as:  
 

1. The use of power curves to evaluate designs in comparison of concentrations 
to regulatory thresholds. 

2. Encompass GRTS design in the evaluation of spatial trends and inter-annual 
variation. 

3. Improvements on regression techniques: specifically, in the presence of 
trends, the estimate of variance of the slope term must be modified. 

4. In sport fish trend analyses, multifactor ANOVA may be more appropriate 
that an iterative forward stepwise regression, as the residual mean square error 
may be inflated due to variance explained by other factors.  
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Comments on 
Power Analysis and Optimization of the 

RMP Status and Trends Program 
 

Don L. Stevens, Jr. 
Stevens Environmental Statistics, LLC 

December 28, 2007 
 
 

Introduction 
The Power Analysis and Optimization of the RMP Status and Trends Program Draft 
Report (Melwani, et al. (2007)) (hereinafter referred to as “PAO”) consists of a main 
body and three appendices.  The main body of the report discusses analyses to distinguish 
ambient conditions from relevant regulatory thresholds and to detect trend in ambient 
conditions.  Details of power analyses to evaluate long-term trend detection using the 
bivalve dataset are in Appendices I and II.  Appendix III provides an example format for 
presentation of the results and a summary of RMP management objectives. 
 
The stated objectives of the report were to address the questions: 

1. What power does the sample size of RMP stations provide to 
distinguish concentrations from relevant regulatory thresholds?   
2.  What is the power of the current sampling design to determine long-
term trends?   
3.  Are there regions in San Francisco Bay where sampling intensity can 
be reduced in order to reallocate funds to higher priority items? 

 
Power can be difficult to evaluate for a complex sampling design and its accompanying 
analysis.  Both the design for data collection and the data analysis must be tailored to the 
complexities of population to be described.  Overall, the PAO does a reasonable job of 
acknowledging of complexities of the RMP Status & Trends program and 
accommodating them in the power analysis. There are a number of instances where the 
analysis could be strengthened by using more appropriate techniques.  Nevertheless, I 
think overall conclusions of the report would not be substantially impacted if the repeated 
using more sophisticated analytical methods. 
 
One of the shortcomings of the PAO is a lack of clarity and precision in the discussion of 
how the objectives are addressed. To some extent, this may be due to the organization of 
the report. I found it difficult to determine exactly what analyses were carried out of 
which data sets. Also, it is not evident that the authors have a thorough understanding of 
statistical power and the appropriate methodology to assess power.  This may be due to a 
lack of clarity in the discussion of methods and, in particular, exactly what null and 
alternative hypotheses were being evaluated.  In order to give context to my comments, I 
begin with a background discussion of statistical power. 
 
Andy Jahn began Appendix II with a very nice, concise explanation of statistical power 
and the factors that affect power. His opening paragraph is repeated here for reference: 
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Statistical power is the complement of the type-two error rate, the 
probability of accepting the null hypothesis of no effect when, in fact, the 
effect exists.  Thus in designing a program to have 95% power to detect an 
effect of a given magnitude, we intend to effect a type-two error rate ≤ 
5%, or no greater than the customary type-1 error rate used in ecological 
work.  Power is positively affected by the type-1 error rate (here held 
constant), size of the effect sought, and the size of the sample, and 
negatively affected by error variance.  Ignoring the type-1 error rate, the 
factors under control of the investigator are the effect size, the sample size 
(usually equated with cost), and a sampling design that minimizes the 
proportion of the variance that ends up in the error term. 

 
The only things that are missing from his discussion is mention of two implicit factors:  
the statement of null and alternative hypotheses (the null is not always one of “no effect”) 
and the statistical test that is applied (some tests are more powerful than others).  Both 
factors need to be explicit before a sensible power analyses can be performed. 
 
Within the context of testing statistical hypotheses, null hypotheses (H0), alternative 
hypotheses (HA), and allied probability distributions are defined. Power is simply the 
probability of making the right decision, where the decision is based on outcome of an 
appropriate statistical test. More carefully, Power = Prob(Rejecting H0 given that the true 
value is a  point in HA).  In most real situations, the null and alternate hypotheses are not 
simple hypotheses consisting of a single value for a parameter, but are composite 
hypotheses.  For example, in the regulatory context that is the backdrop for the RMP, a 
meaningful null hypothesis might have the form 
  

H0:  µ, the mean concentration of a contaminant in the target waterbody, 
exceeds a defined standard C  

or 
H0:   µ≥ C 
 

and the alternative hypothesis the form  
 

HA: the mean concentration is less than the standard 
 
or 

 HA: µ < C. 
 

 
This is consistent with the formulation used in Lowe, et al., (2004): 
 

The tests addressed whether, within a survey period, the mean 
concentration of a chemical constituent in a sub-region was above the 
guideline for causing potential environmental harm. The null hypothesis of 
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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 
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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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