
Considerations of variability and power for long-
term monitoring of stream fish assemblages

Item Type Article/Review

Authors George, Scott D.; Stich, Daniel S.; Baldigo, Barry P.

Citation Scott D. George, Daniel S. Stich, and Barry P. Baldigo.
Considerations of variability and power for long-term monitoring
of stream fish assemblages. Canadian Journal of Fisheries
and Aquatic Sciences. 78(3): 301-311. https://doi.org/10.1139/
cjfas-2020-0013

DOI dx.doi.org/10.1139/cjfas-2020-0013

Publisher Canadian Science Publishing

Accessibility
Statement

Electronic Accessibility Statement: SUNY Oneonta is committed
to providing equal access to college information by ensuring our
digital content is accessible by everyone regardless of physical,
sensory, or cognitive ability. This item has been checked by Adobe
Acrobat Accessibility Check and remediated with the following
result: [Remediation: title, language, autotagged and hand
tagged // Hazards: tagged annotations, character encoding, alt
text, table headers]. To request further accessibility remediation
on this SOAR repository item for your specific needs, please
contact openaccess@oneonta.edu.

Download date 23/05/2023 21:46:22

http://dx.doi.org/dx.doi.org/10.1139/cjfas-2020-0013


Link to Item http://hdl.handle.net/20.500.12648/8054

http://hdl.handle.net/20.500.12648/8054


ARTICLE 

Considerations of variability and power for long-term 
monitoring of stream fish assemblages 
Scott D. George, Daniel S. Stich, and Barry P. Baldigo 

Abstract: Little attention has been given to optimizing statistical power for monitoring stream fish assemblages. We 
explored the relationship between temporal variability and statistical power using 34 metrics from fish community data 
collected annually at six sites over 10 years via electrofishing. Metric variability differed by the life stage and group of spe-
cies considered, use of abundance or mass data, and data standardization technique. Lower variability was associated with 
community data, abundance data, and time-based standardizations, while greater variability was associated with young-of-
the-year data, mass data, and area-based standardizations. Simulation-based power analysis indicated metric choice, and to 
a lesser degree, monitoring design (annual, biennial, endpoints, or haphazard sampling) influenced power to detect change. 
Across a fixed number of surveys (N = 60), endpoints sampling performed best. The N needed to detect change was heavily 
dependent upon metric choice for all monitoring designs, with the most biologically specific metrics requiring greater N. 
Large savings in effort and resource expenditure can be obtained utilizing biologically relevant metrics that are robust to 
temporal noise within an appropriate sampling design. 

Résumé : L’optimisation de l’ efficacité statistique pour la surveillance des assemblages de poissons de cours d’ eau a reçu 
peu d’attention. Nous explorons le lien entre la variabilité temporelle et l’ efficacité statistique en utilisant 34 paramètres 
tirés de données sur des communautés de poissons recueillies annuellement dans six sites, sur une période de 10 ans, par 
pêche électrique. La variabilité des paramètres diffère selon l’étape du cycle biologique et le groupe d’ espèces examinés et  
le type de données (abondance ou masse) et la méthode de normalisation des données utilisés. Une plus faible variabilité 
est associée aux données sur les communautés, aux données sur l’ abondance et aux normalisations basées sur le temps, 
alors qu’une plus grande variabilité est associée aux données sur les jeunes de l’ année, aux données sur la masse et aux nor-
malisations basées sur  la s uperficie. L’analyse de l’ efficacité basée sur la simulation indique que le choix des paramètres et, 
dans une moindre mesure, le schéma de surveillance (annuel, bisannuel, indicateurs d’effet ou échantillonnage à l’av euglette) 
influencent l’ef ficacité de la détection de changements. Pour un nombre fixe de relevés (N = 60), l ’échantillonnage d’in dicateurs 
d’ef fet donne les meilleurs résultats. Le N nécessaire pour détecter des changements dépend fortement du choix des paramètres 
pour tous les schémas de surveillance, les paramètres les plus spécifiques sur le plan biologique nécessitant des N plus grands. 
D’importantes réductions de l’ effort et des ressources dépensées peuvent être obtenues en utilisant des paramètres pertinents du 
point de vue biologique sur lesquels le bruit temporel a peu d’influence, dans un schéma d’éc hantillonnage approprié. [Traduit 
par la Rédaction] 

Introduction 
A great deal of time and resources have been devoted to envi-

ronmental monitoring over the past few decades, yet notably less 
effort has been devoted to understanding the ability of monitor-
ing programs to detect meaningful changes in important physi-
cal, chemical, and biological indicators. There are numerous 
examples of long-term monitoring programs that have collected 
invaluable information that informed future policy and manage-
ment actions (Lindenmayer and Likens 2018; Lovett et al. 2007; 
Sullivan et al. 2018). However, there is also a growing awareness 
that limited conservation resources need to be allocated judi-
ciously and that not all monitoring efforts are adequately designed 
to accomplish program objectives (Lindenmayer and Likens 2010, 
2018). The titles of publications such as “Wh y most conservation 
monitoring is, but need not be, a waste of time” (Legg and Nagy 
2006), “Monitoring does not always count” (McDonald-Madden 
et al. 2010), and “Making monitoring meaningful” (Field et al. 

2007) indicate the increasing concern in the scientific community 
about inadequacies in the current state of ecological monitoring. 
These papers identify common shortcomings in ecological moni-
toring and recommend a number of approaches to increase its 
value. 
The consideration of statistical power is one of the central 

themes in most calls for improving ecological monitoring (Field 
et al. 2007; Legg and Nagy 2006; Lindenmayer and Likens 2010). 
Power is defined as the probability of detecting a given change in 
resource condition and is inversely related to the probability of 
making a type II error or erroneously concluding that a change in 
resource condition has not occurred when it has (Caughlan and 
Oakley 2001; Cohen 1992; Fairweather 1991). Thus, a study that 
lacks sufficient power is more prone to committing a type II 
error. This is an important consideration in conservation moni-
toring because critical management actions may be withheld 
under the false pretense that the resource has not been degraded 
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(Caughlan and Oakley 2001; Fairweather 1991). Thus, a priori con-
siderations of power are critical to determine the spatial and tem-
poral sampling intensity necessary to achieve study objectives. 
Long-term environmental monitoring programs in the Asho-

kan watershed and across the greater Catskill Mountains region 
of New York, USA, are important for several reasons. Reservoirs 
in this region provide �90% of the drinking water supply to more 
than 8 million residents of New York City (Palmer et al. 2008), 
while a number of streams and rivers in the region provide re-
nowned trout fishing opportunities (Van Put 2007). Local econo-
mies in the Ashokan watershed depend heavily on the estimated 
15 000 tubers and large but unknown number of fly anglers that 
frequent the upper Esopus Creek each year (CCE 2007a). Increas-
ing demands on the funds allocated for environmental research 
and monitoring in this region and elsewhere, however, 
necessitate more efficient monitoring strategies. The primary 
objective of this paper is to help develop efficient monitoring 
strategies that assess short- and long-term changes in the condi-
tion of fish assemblages in the upper Esopus Creek and other 
watersheds where detecting change in resource condition is criti-
cal for sound management. Such efforts are essential to under-
stand (i) the normal range of variability in these resources, (ii) the  
effects of current and future stressors, and (iii) management 
options that could best protect and sustain valuable fishery 
resources while balancing competing uses for water. 
Researchers monitoring stream fish assemblages must make 

numerous decisions about what information to collect and how 
to utilize those data, yet the implications of these decisions for 
statistical power are often unknown. A number of fisheries stud-
ies have explored how different experimental designs (e.g., how 
many sites to sample, on what interval, how to select sites, etc.; 
Dauwalter et al. 2010; Urquhart and Kincaid 1999) and s ampling  
techniques (Al-Chokhachy et al. 2009; Hanks et al. 2018) affect 
statistical power. However, beyond these broad decisions, research-
ers interested in determining whether a trout fishery is decreas-
ing over time must also decide whether to estimate the size or 
mass of the population, include fish of all year classes or just a 
subset, and how to standardize those data. These specific deci-
sions are generally categorized as the “response design” or the 
process of deciding what to measure and how to measure it 
(Stevens and Urquhart 2000). The response design also has the 
potential to affect the statistical power of the monitoring pro-
gram, yet only a limited amount of research has explored this 
topic. Dauwalter et al. (2009) considered differences in power 
between abundance and biomass measures, Al-Chokhachy et al. 
(2009) and Dauwalter et al. (2009) explored the effects of using 
different size or age classes of fish, and George et al. (2019) 
explored the effects of data standardizations on power in head-
water stream fish assemblages. Although additional informa-
tion on these topics is needed, these studies clearly indicate that 
specific decisions related to the response design have the poten-
tial to affect statistical power. 
In this study, we collected and analyzed a suite of fish commu-

nity data from the Ashokan watershed to explore the relation-
ship between interannual (hereinafter “temporal” ) variability  
and statistical power across 34 metrics calculated using different 
sampling protocols, types of data, and standardization techni-
ques. We hypothesized that temporal variability would vary by 
metric class and that metrics with lower temporal variability 
could achieve greater statistical power for detecting long-term 
change. To test this hypothesis, we calculated coefficients of 
variation (CV) for each metric and used linear mixed models 
to investigate changes in CV for different classes of metrics and 
standardization techniques. We then conducted a simulation-
based power analysis to determine sample sizes needed to 
achieve 80% power for each metric under variable effect sizes 
and monitoring scenarios (frequency and configuration of sam-
pling events). We used these simulation results to (i) evaluate 

trends in statistical power using four different monitoring 
scenarios and (ii) determine which metrics required the least 
amount of sampling effort to detect a predetermined effect size. 

Methods 
Fish community surveys were conducted annually at six study 

sites located in the Ashokan watershed of the Catskill Mountains, 
New York, from 2009 through 2018 (Fig. 1). Three sites were 
located on the main stem of the upper Esopus Creek, and three 
were located on major tributaries. The sites ranged in drainage 
area from 10.3 to 165.0 km2 and in elevation from 268 to 455 m 
(Table 1). A single reach ranging from 54 to 100 m in length and 
encompassing one or two complete geomorphic channel-unit 
sequences (Fitzpatrick et al. 1998; Meador et al. 2003; Simonson 
et al. 1994) was sampled annually at each site. 
Fish surveys were conducted between late June and early Au-

gust using multipass depletion electrofishing surveys. Fish were 
collected from seine-blocked reaches during three consecutive 
passes using a Smith-Root LR-24 backpack electrofisher and three 
to five netters. A fourth pass was conducted during three surveys 
in which the rate of depletion during the first three passes was 
inadequate to produce reliable population estimates. All fish 
were identified to species, measured, weighed, and returned to 
the stream after all passes were completed. In the case of small, 
highly abundant species, lengths and weights were obtained 
from a subsample of 30 individuals, after which batches of up to 
30 similarly sized fish were processed together using a pooled 
weight and a single representative length. During each survey, 
the electrofishing time was recorded, and the reach length, and 
widths of 10 evenly spaced transects were measured and used to 
calculate mean reach width and total area sampled. Raw data 
from the fish community surveys and the dimensions of the sur-
veyed reaches are available in George and Baldigo (2018). 

Analysis of variability in fish metrics 
The data from electrofishing surveys were used to calculate 

34 fish metrics for use in statistical analyses (Table 2). The num-
ber and mass of fish captured during each pass were used to esti-
mate abundance and biomass for three groups at each site using 
the Carle– Strub method (Carle and Strub 1978) with  the “ FSA” 
package (Ogle et al. 2018) in R ( R Core Team 2019). Estimates were 
produced for the entire community, all trout species combined, 
and young-of-the-year trout (hereinafter “ all-fish”, “trout”, a nd
“YOY trout”,  respectively). The trout and YOY trout groups com-
posited all trout species in the study area, which included brown 
trout (Salmo trutta), rainbow trout (Oncorhynchus mykiss), and occa-
sionally brook trout (Salvelinus fontinalis). Length cut-offs for designa-
tion as YOY were identified using length frequency distributions 
and were <101 mm for brown trout and brook trout and <91 mm 
for rainbow trout. The resulting estimates of abundance and bio-
mass for these three groups were standardized by (i) the total area 
sampled in each survey to produce estimates of density and bio-
mass per unit area and (ii) the sampled reach length to produce 
estimates of density and biomass per unit of stream length. Addi-
tionally, the number and mass of fish captured during the first 
electrofishing pass of each survey were used to produce “ single-
pass” density and biomass metrics by reach area, reach length, 
and electrofishing time for all-fish, trout, and YOY trout. Finally, 
four diversity metrics (Shannon’s index, S impson’s i ndexD  (reported 
as 1 – D), Pielou’ s evenness, and species richness) were calculated 
from the first pass of each survey using the “vegan” package 
(Oksanen et al. 2017) in R  (R Core T eam 2 019). 
The temporal variability of each metric was expressed pam on g 

years for each site using the CV. The CV is calculated as 
ffiffiffiffi
S2
ffi
 = X, 

where S2 and X are the variance and mean, respectively, of n 
observations (Power 2007). The CV is frequently used to summa-
rize temporal variability in animal populations because it is unit-
less and invariant with magnitude (i.e., standardized; Dauwalter 
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Fig. 1. Location of six fish sampling sites in the upper Esopus Creek watershed in the Catskill Mountains region of New York. 

Table 1. Location and characteristics of six stream sites where electrofishing surveys were 
conducted annually from 2009 to 2018. 

Drainage 
Stream name Stream site ID NWIS site ID area (km2) Elevation (m) 

Fox Hollow Creek fox 01362199 10.3 309 
Birch Creek birch 013621955 32.4 377 
Woodland Creek wood 0136230002 53.4 268 
Esopus Creek at Oliverea esop0 0136219203 30.3 455 
Esopus Creek at Big Indian esop2 0136219565 111.9 355 
Esopus Creek at Allaben esop3a 01362200 165.0 304 

Note: NWIS site ID refers to USGS National Water Information System (https://waterdata.usgs.gov/ 
nwis) site identification number. 

et al. 2009). Metrics with a higher mean CV (calculated as the av-
erage of the CV from each of the six sites) exhibit greater tempo-
ral variability, while those with a lower mean CV exhibit less 
variability over time. The variability associated with four metric 
classes was assessed in a linear mixed effects model using CV as 
the response variable and metric classes as fixed effects to deter-
mine which types of metrics were prone to greater temporal vari-
ability. The metric classes used as terms in the model were 
abundance- or mass-based metric, standardization technique 

(reach area, reach length, or time), species group (all-fish, trout, 
or YOY trout metric), and number of passes (single-pass or multi-
pass metric). The four diversity metrics were not included in this 
analysis given their unique nature relative to the other 30 metrics. 
We included a random effect of “site” on the intercept to account 
for the repeated sampling of individual sites over time (Bolker et al. 
2009). Histograms of the residuals and scatterplots of the fitted val-
ues versus the residuals were evaluated to ensure the assumptions 
of normality and homoscedasticity were met (Zuur et al. 2010). The 
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analysis was conducted using the “nlme” package (Pinheiro et al. 
2017) in R  (R Core Team 2019) assuming a type I error rate (a ) = 0.05. 

Power analysis for long-term monitoring 
We used simulations to determine statistical power to detect 

changes in the 34 metrics within four monitoring scenarios. The 
scenarios considered different sampling frequency at the six sites 
described previously, while supplementing with unobserved hy-
pothetical sites to allow for up to 120 total sites per year for theo-
retical purposes. We used linear mixed models to estimate 
temporal changes in simulated metrics (y) over 10 years (from 
year zero through year nine for data simulation reasons) as a 
function of year as a continuous covariate and site (j) as  a r andom  
effect on the intercept. We used a study period of 10 years to be 
representative of both the timeframe for ecological change and 
the period over which studies often occur, although we recognize 
that the results of the simulation are inevitably related to dura-
tion of the study period chosen, which may be unknown in some 
cases. 
We used four monitoring scenarios to represent different tem-

poral sampling designs in ecological monitoring: annual sam-
pling, biennial sampling, haphazard sampling, and endpoints 
sampling (Table 3). Each monitoring scenario included a mini-
mum of one survey per site per year of study, and the minimum 

number of surveys over the study period ranged from 12 surveys 
for the endpoints scenario to 60 surveys for the annual scenario 
(Table 3). For each scenario, we also considered additional sam-
ples at unobserved (hypothetical) sites within years of study, 
ranging from an additional 0 through 114 sites per year for a 
range of 6– 120 total sites per year [6, 7, 8, . . ., 30,  45, 60,  . . ., 120].
While conducting 120 surveys per year may be logistically 
impractical, this number of surveys provided theoretical upper 
thresholds for interpreting study results. This resulted in a maxi-
mum of 240 surveys for the endpoints scenario and a maximum 
of 1200 surveys in the annual scenario. These provide a conservative 

 

Table 3. Monitoring scenarios used for simulation-based power analysis 
showing the sampling interval and the minimum and maximum 
number of surveys allowed under each design. 

Monitoring 
scenario 

No. of years 
with sampling Years sampled Min. N Max. N 

Annual 10 0, 1, 2, . . ., 9 60 1200 
Biennial 5 0, 2, 4, 6, 8 30 600 
Endpoints 2 0, 9 12 240 
Haphazard 5 Random 30 600 

Note: All scenarios occur over a 10-year period from years 0 to 9. 

Table 2. Name, standardization technique, units, range, and mean coefficients 
annually from 2009 to 2018 and the estimated number of surveys (N) necessary to 
the biennial monitoring scenario in the simulation study. 

of variation 
detect effect 

(CV) 
sizes 

for 
(d ) 

34 
1.5, 

fish 
2.0, 

metrics from six sites sampled 
and 5.0 with power = 0.80 using 

Metric Standardization technique Unit Range Mean CV 

N 

d 

to detect: 

= 1.5  d = 2.0  d = 5.0  

All-fish density 

All-fish biomass 

All-fish first-pass density 

All-fish first-pass biomass 

All-fish first-pass density 
All-fish first-pass biomass 
Trout density 

Trout biomass 

Trout first-pass density 

Trout first-pass biomass 

Trout first-pass density 
Trout first-pass biomass 
YOY trout density 

YOY trout biomass 

YOY trout first-pass density 

YOY trout first-pass biomass 

YOY trout first-pass density 
YOY trout first-pass biomass 
Pielou s’  evenness 
Shannon s’  index 
Simpson s’  index 
Species richness 

Reach 
Reach 
Reach 
Reach 
Reach 
Reach 
Reach 
Reach 
Time 
Time 
Reach 
Reach 
Reach 
Reach 
Reach 
Reach 
Reach 
Reach 
Time 
Time 
Reach 
Reach 
Reach 
Reach 
Reach 
Reach 
Reach 
Reach 
Time 
Time 
—

—

—

None 

area 
length 
area 
length 
area 
length 
area 
length 

area 
length 
area 
length 
area 
length 
area 
length 

area 
length 
area 
length 
area 
length 
area 
length 

Fish/0.1 ha 
Fish/100 m 
Grams/0.1 ha 
Grams/100 m 
Fish/0.1 ha 
Fish/100 m 
Grams/0.1 ha 
Grams/100 m 
Fish/h 
Grams/h 
Fish/0.1 ha 
Fish/100 m 
Grams/0.1 ha 
Grams/100 m 
Fish/0.1 ha 
Fish/100 m 
Grams/0.1 ha 
Grams/100 m 
Fish/h 
Grams/h 
Fish/0.1 ha 
Fish/100 m 
Grams/0.1 ha 
Grams/100 m 
Fish/0.1 ha 
Fish/100 m 
Grams/0.1 ha 
Grams/100 m 
Fish/h 
Grams/h 
— 
— 
— 
No. of species 

494.6 3–  768.9 
243.7 3–  195 
2 101.7 42–  471.8 
1 214.9 33–  768.8 
135.3 1–  436.2 
69.0 701.3–  
725.8 32–  922.2 
625.3 20–  846.1 
226.2 991.2–  
1 196.7 25–  660.6 
30.3 1–  451 
14.9 592–  
232.6 21–  935.1 
103.3 11–  547.3 
14 808.8–  
6.9 330–  
205.3 10–  015.8 
91.2 6–  959.1 
23.9 540–  
173.5 11–  019.5 
0.0 1–  441.2 
0.0 588–  
0.0 2–  711.8 
0.0 1–  106.4 
0.0 801.5–  
0.0 327–  
0.0 1–  609.3 
0.0 656.6–  
0.0 535.1–  
0.0 1–  074.4 
0.31 0.96–  
0.55 1.94–  
0.22 0.84–  
4 11–  

0.404 
0.470 
0.485 
0.474 
0.412 
0.342 
0.606 
0.550 
0.274 
0.547 
0.652 
0.582 
0.580 
0.546 
0.673 
0.588 
0.670 
0.668 
0.511 
0.700 
0.816 
0.748 
0.977 
0.884 
0.871 
0.801 
1.014 
0.928 
0.734 
0.892 
0.137 
0.139 
0.140 
0.119 

82 
109 
139 
149 
110 
82 
180 
168 
42 
139 
306 
299 
324 
393 
324 
283 
324 
381 
197 
301 
NA 
NA 
NA 
NA 
NA 
NA 
NA 
NA 
NA 
NA 
30 
30 
30 
30 

30 
38 
48 
53 
39 
30 
57 
59 
30 
47 
119 
109 
110 
128 
108 
93 
105 
127 
61 
110 
NA 
NA 
NA 
NA 
NA 
NA 
NA 
NA 
NA 
NA 
30 
30 
30 
30 

30 
30 
30 
30 
30 
30 
30 
30 
30 
30 
30 
30 
30 
30 
30 
30 
30 
30 
30 
30 
NA 
NA 
NA 
NA 
NA 
NA 
NA 
NA 
NA 
NA 
30 
30 
30 
30 

Note: The minimum number of surveys considered 
maximum number of surveys considered (N = 600). 

under the biennial scenario was 30 (six sites in each of 5 years). NA indicates the effect was not detected at the 
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upper limit to potential sampling intensity because both are likely 
well beyond the capacity of most fish monitoring programs. 
For each iteration (i) of the simulation, we randomly selected a 

metric, a monitoring scenario, a number of sites per year, and an 
effect size (d ). Effect size was expressed either as a proportional 
increase such that d [ [1.01, 1.02, . . ., 1.10,  1.2,  . . ., 2.0, 2 .5, . . ., 5.0]  
or a decrease (as 1d � ). Thus, an effect size of 1.5 represents a 
50% increase (d ) or a 33% decrease (d �1) in m etric v alue. B oth  the  
magnitude and direction (increase or decrease) were chosen at 
random for each iteration i. We  defined the loge mean at year 
zero (a , y intercept) separately for each site (j) based on the site-
specific, loge mean (m j) for the metric selected using data col-
lected 2009– 2018. For unobserved sites, we drew values of a from 
a normal distribution defined by the pooled loge means and 
standard deviations for the selected metric across observed sites. 
For all years in the simulation study, the mean value of the met-
ric (ŷij) in  each  year  (t) was the outcome of a linear predictor: 

loge 

� �
ŷijt ¼ aij þ b i � Xi 

where Xi was year from 0 to t, and b  i was the loge-scale change 
over a 10-year period based on d (increase) or �1d  (decrease), di-
vided by the number of survey years (S = 10 for all simulations): 

loge  m i d i  loge m i  
b i 

ð � Þ � ð Þ¼
S 

Importantly, we did not specify a random effect on b i, or explic-
itly specify an interaction between a ij and b i, which would have 
allowed metrics to change in different ways between sites across 
time (site � time interaction). However, researchers are com-
monly interested in whether changes occur similarly across sites 
or groups. We note, therefore, that our estimates of power are op-
timistic if researchers are also interested in site- or group-level 
random effects on b i. Finally, we drew the simulated response yij 
in each year from a normal distribution with a mean of ŷij and 
the site-specific standard deviation of s ijt for the metric selected 
using data collected 2009– 2018: 

loge ð Þyijt ¼ loge 

� �
ŷijt þ Zijt �s ijt 

where Zijt was random error drawn from a standard normal dis-
tribution with a mean of zero and a standard deviation of one fol-
lowing Hayes et al. (1995). We assumed that metric CV remained 
constant over the time period of the study and that s ijt scaled lin-
early with the magnitude of the metric, although alternative 
error structures are readily implemented through this frame-
work. To maintain this assumption in the generative model, we 
used the site-specific CV for the selected metric to derive loge -
scale s ijt by rearranpgi the  ng  relationship between loge-scale CV 
and variance, CV ¼ 

ffiffiffiffiffiffiffiffiffiffiffiffiffiffi
es2 � 1

ffi
, a s  

 

s ijt ¼ 

rffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
loge 

� �
CV2 

ij þ
ffiffiffiffiffiffi
1 

ffi

Simulations were run in parallel using the “snowfall” package 
(Knaus 2015) in  R ( R Core T eam 2 019). We ran the simulation 
20 million times to ensure adequate coverage of the parameter 
values and scenarios used in simulation. We then analyzed the 
simulated responses using a linear mixed model of the same 
form as that used for simulation, with a random effect of site on 
the intercept and a fixed effect of year as a continuous covariate. 
For each iteration of the simulation, we stored the p value for the 
fixed effect of year and assessed statistical significance assuming 
an a of 0.05. If a model failed to converge, or a significant effect 
was detected in the opposite direction of that specified, we con-
sidered these as failures to successfully reject the null hypothesis 
due to study design and recorded a p value of 1.00. We calculated 

power for each combination of metric, monitoring scenario, 
effect size, and sample size as the proportion of simulations 
resulting in the rejection of the null hypothesis that metrics did 
not change over time. 
The performance of the four monitoring scenarios was assessed 

with two different approaches. First, mean power to detect a 
change of d = 1.5 was compared between monitoring scenarios 
across all sample sizes and metrics to understand differences in 
gross power between scenarios when the number of surveys was 
not limiting. These results have the potential to be misleading, 
however, because the power of a given monitoring scenario to 
detect change is inextricably linked to the minimum number of 
surveys (N) required for implementation, which varied between 
scenarios. Therefore, we standardized this comparison by the 
number of surveys conducted across the 10-year period using the 
smallest sample size (N = 60) common to all monitoring scenarios 
to create an index of power to detect d = 1.5 that could be com-
pared between scenarios. This comparison is analogous to a sce-
nario where an agency has sufficient funding for 60 surveys over 
a 10-year period and seeks to determine which monitoring sce-
nario optimizes the statistical power of those funds. 
The performance of individual metrics was assessed within 

each monitoring scenario by determining necessary sample size 
(N) to  detect  each d  . We  used  the  “akima” package (Akima and 
Gebhardt 2016) in  R  (R Core  Team  2019) to interpolate power 
across N and d and extracted the values of each that corre-
sponded to a power of 0.80 to construct power curves for each 
combination of monitoring scenario and metric. A power of 0.80 
(80% chance or a probability of 0.80 of detecting a given effect 
size) was used as a matter of convention (Cohen 1992) and for con-
sistency with similar investigations of power in the fisheries field 
(Dauwalter et al. 2009; Wagner et al. 2013), but similar informa-
tion for any level of power is available in the output from the sim-
ulation. We then determined the minimum sample size required 
to detect d = 1.5 (Nd = 1.5), d = 2.0  (Nd = 2.0), and d = 5.0  (Nd = 5.0) for  
each metric. We used linear regression to relate Nd = 1.5  to the 
metric CV observed in the real-scale empirical data. We loge -
transformed the response to avoid negative predictions and 
account for heteroscedasticity as 

loge ð Nd 1:5 Þ ¼ b 0 þ b ¼ CV � CV 

where b 0 was the intercept and b CV was the effect of metric-
specific CV on sample size needed to detect a change of d = 1.5 i n  
the corresponding metric. 

Results 
Results from the 60 surveys indicate that fish communities in 

the upper Esopus Creek and tributaries were primarily composed 
of the cottid, salmonid, and cyprinid families, although the rela-
tive abundance of each varied by site and year. Species richness 
ranged from 4 to 11 taxa and slimy sculpin (Uranidea cognata, syno-
nym Cottus cognatus) was the most frequently captured species, 
comprising 38% of the total catch and 17% of the total mass across 
all surveys. Brown trout were captured during all 60 surveys, 
while rainbow trout were captured during 58 of the 60 surveys, 
and brook trout were captured in 34 of the 60 surveys (George 
and Baldigo 2018). Trout (all three species composited) comprised 
21% of the catch and 44% of the mass across the entire dataset. 
All-fish density derived from multipass sampling ranged from 
495 to 3769 fish/0.1 ha and 244 to 3195 fish/100 m, while compara-
ble values of all-fish biomass ranged from 2102 to 42 472 g/0.1 ha 
and 1215 to 33 769 g/100 m (Table 2). 
A wide range in temporal variability was observed among the 

34 metrics. Mean CV ranged from 0.119 for species richness to 
1.014 for first-pass YOY trout biomass by reach area (Table 2). In 
general, diversity-based metrics were the least variable, followed 
by all-fish metrics, trout metrics, and YOY trout metrics (Fig. 2). 
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Of the 34 metrics analyzed, the 10 YOY trout metrics exhibited 
the 10 highest mean and median CV values observed in the study 
(Table 2; Fig. 2). Similarly, the four diversity-based metrics pro-
duced the four lowest mean and median CV values observed in 
the study. 
The linear mixed model identified several factors that were 

significant predictors of the observed variability in fish metrics. 
Metric CV varied as a result of species group (F[2,168] = 72.80,
p < 0.001) and abundance or mass (F[1,168] = 15.33, p = 0.001)  and,  to  
a lesser degree, standardization technique (F[2,168] = 2.06,  p = 0.131)  
and number of passes (F[1,168] = 1.83, p = 0.178). Species group was 
the most influential factor, and the CV of YOY trout, trout, and 
all-fish metrics averaged 0.85, 0.60, and 0.44, respectively (Table 4). 
The mean CV of abundance-based metrics (0.58) was reduced by 16% 
relative to mass-based metrics (0.69). Within the standardization 
technique factor, the CV of length-, time-, and area-based metrics 
averaged 0.63, 0.59, and 0.68, respectively. The number of passes did 
not strongly affect CV, although multipass metrics yielded a small 
reduction in CV. 
The power analysis indicated that the monitoring scenario 

most likely to result in detection of simulated effects was the an-
nual sampling scenario. The annual sampling scenario resulted 
in a mean power of about 0.59 to detect an effect size (d ) of
1.5 across all metrics and sample sizes (Fig. 3). By comparison, the 
haphazard sampling scenario performed the worst on average 
and detected an effect of d = 1.5 with a power of 0.45 across all 
metrics and sample sizes. We used the lowest common N present 
in all four scenarios (60 surveys) to standardize the mean power 
(across all metrics) to detect a change of d = 1.5 as an index of sta-
tistical power that could be used to assess efficiency of each mon-
itoring scenario. When sample size was standardized this way, 
the endpoints scenario resulted in the greatest mean power at 
N = 60 (0.53) and achieved notable separation from the other 

 

 

three scenarios, which ranged in mean power from 0.35 to 0.37 
(Fig. 3). We focus the reporting of the remaining analyses on the 
biennial scenario for simplicity and due to the current usage of 
this design in other trout monitoring programs (Eaglin et al. 
2007), although the same analyses were run for all monitoring 
scenarios with similar patterns. 
An analysis of the performance of individual metrics within 

the biennial scenario indicated large differences in the number 
of surveys needed to detect predetermined effect sizes at a fixed 
level of power between metrics. We were unable to detect a 
change of d = 1.5, 2.0, or 5.0 with power of 0.80 using the 10 YOY 
trout metrics with up to 600 surveys, the maximum considered 
in this scenario (Table 2). Of the remaining 24 metrics, the num-
ber of surveys required to detect d = 1.5 ranged from N = 30  (the  

Fig. 2. Boxplots showing the coefficients of variation (CV) from all six sites for each of 34 fish metrics. Metrics are shaded by the species 
group factor such that “all-fish” metrics are white, “trout” metrics are light gray, and “YOY trout” (i.e., young-of-the-year) metrics are dark 
gray. 

Table 4. Estimated marginal least-squares means, associated standard 
errors (SEs), and 95% confidence intervals (CIs) for marginal groupings 
of metrics from the linear mixed model used to test fixed effects of 
metric classes on resulting coefficient of variation (CV). 

Marginal grouping Mean SE 

95% CI 

Lower Upper 

Abundance or mass (mass) 
Abundance or mass (abundance) 
Standardization technique (area) 
Standardization technique (length) 
Standardization technique (time) 
Species group (all) 
Species group (trout) 
Species group (YOY trout) 
No. of passes (single-pass) 
No. of passes (multipass) 

0.688 
0.579 
0.680 
0.632 
0.589 
0.443 
0.604 
0.853 
0.655 
0.612 

0.038 
0.038 
0.038 
0.038 
0.047 
0.040 
0.040 
0.040 
0.036 
0.040 

0.592 
0.482 
0.581 
0.534 
0.468 
0.340 
0.501 
0.750 
0.562 
0.509 

0.785 
0.675 
0.778 
0.730 
0.709 
0.546 
0.707 
0.956 
0.747 
0.716 
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minimum considered in the biennial scenario) for the four diver-
sity metrics to N = 393 for the trout biomass by length metric. 
Using d = 2.0, three additional metrics calculated from all-fish 
density data were able to achieve a power of 0.80 with N = 30  
(Table 2). All metrics were able to detect a change of d = 5.0 with a 
power of 0.80 and N = 30 with the exception of the YOY trout 
metrics. 
The relationship between variability and power was explored 

within the biennial scenario using simple linear regression of 
the mean CV (average of the CV from each of the six observed 
sites) and the number of surveys (N) needed to detect a change of 
d = 1.5 with a power of 0.80 for each metric. Only 24 metrics were 
included in this analysis because the 10 YOY trout metrics failed 
to detect a change of d = 1.5 with any N considered. We found a 
signi 2 

ficant relationship (R = 0.93, t [22] = 16.82, p < 0.01) between 
mean CV and N (Fig. 4). Metrics with mean CV < 0.3 required 
≤42 surveys to achieve the desired power, metrics with CV = 0.3– 
0.7 required 82– 393 surveys, and metrics with CV > 0.7 failed to 
detect a change of d = 1.5.  

Discussion 
We identified large differences in the temporal variability of 

different classes of metrics used to monitor fish assemblages and 
a strong positive relationship between metric variability and 
number of surveys required to achieve desired statistical power. 
These findings supported our hypothesis and the findings of 
others (Ham and Pearsons 2000; Wagner et al. 2007) that  tempo-
ral variability can obscure the detection of long-term changes in 
fish metrics. The sampling design in which metrics were utilized 
(e.g., annual or less frequent sampling) also affected statistical 

power. More importantly, individual metrics varied greatly in the 
sample size required to detect fixed levels of change with a power 
of 0.80. This suggests that some metrics have little practical value 
in long-term monitoring given their inability to detect anything 
less than a catastrophic change in resource condition and the 
immense sample size necessary to do so. Together, these results 
indicate that large savings in monitoring effort and resource 
expenditure can be obtained during the response design by uti-
lizing biologically representative metrics that are robust to tem-
poral noise within the most appropriate sampling design. 
Among the four sampling designs, the endpoints scenario pro-

duced the greatest mean power at a fixed number of surveys and 
therefore represented the most cost-effective monitoring sce-
nario. This is an experimental design principle that is well estab-
lished under names such as oversampling and extreme group 
analysis in a variety of fields (Preacher et al. 2005; Vaughan 2017). 
The mean power across all metrics to detect d = 1.5  with  N = 60  
was 0.53 in the endpoints scenario, far greater than that of the 
other three scenarios in which mean power ranged from 0.35 to 
0.37. Although the endpoints scenario was the most cost-effective 
approach in the present study, there are many situations in 
which this sampling scenario would not provide adequate con-
trast or capture change over a temporally appropriate scale, both 
common flaws in the design of ecological monitoring programs 
(Lindenmayer and Likens 2018). Furthermore, the “ends” of a 
monitoring period are rarely known or may be indeterminate, so 
this design may not be realistic or practical to implement for 
trend detection. When differences in sample size (total number 
of surveys) were not considered, annual sampling resulted in 
the greatest statistical power to detect change. This result was 

Fig. 3. Paired violin plots of four monitoring scenarios across 34 metrics showing (a) power to detect a change of d = 1.5 across all sample 
sizes considered, and (b) standardized  (N = 60) index of power to detect a change of d = 1.5. Gray violins show density of power estimates, 
and overlaid boxplots show mean (white dot), interquartile range (box ends), and approximate first and 99th percentiles (whiskers). 
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anticipated, and it is well established that increased frequency of 
sampling results in increased statistical power to detect effects of 
interest for ecological parameters characterized by high degrees 
of variation (e.g., Schweiger et al. 2016). In general, for highly vari-
able metrics or in cases where minimization of type II error rates 
is paramount (e.g., endangered species monitoring), annual sam-
pling represents the “gold standard” for ecological monitoring. 
Similarly, annual or biennial monitoring may be a requisite com-
ponent of adaptive resource management plans at localized scales 
(Biber 2011). However, where landscape-scale changes are of inter-
est (e.g., large number of sites) or resources are otherwise limit-
ing, the amount of effort required of the annual monitoring 
scenario may be cost-prohibitive. As a result, we focused the 
reporting of individual metric performance within the biennial 
scenario because it represents a compromise between the annual 
and endpoints scenarios, is currently used in trout population 
monitoring (Eaglin et al. 2007), and achieved power similar to the 
annual monitoring design at N = 60.  
The temporal variability in YOY trout metrics was so large that 

the utility of this metric class to detect change over time may be 
minimal. The YOY trout metrics were included in this analysis 
because protecting and promoting trout recruitment is an impor-
tant goal of state and local stream managers (CCE 2007b). These 
metrics are surrogates for spawning success and may indicate 
future cohort strength. This life stage is also one of the most sen-
sitive to acidification (Baldigo and Lawrence 2001; Simonin et al. 
2005), making it a valuable indicator of water and habitat quality. 
The mean CV of YOY trout metrics was 41% and 93% higher than 
that of trout and all-fish metrics, respectively, and the 10 YOY 
metrics produced the 10 highest mean and median CVs of all 
34 metrics. This finding is consistent with those of Dauwalter 
et al. (2009), showing that temporal variability of a single trout 
age class was greater than that of multiple age classes together. 

Dauwalter et al. (2009) were not able to include YOY (age 0) fish in 
their assessment, however, and therefore stated they could not 
determine what effect their inclusion might have on the variabil-
ity of abundance or biomass metrics. Our results address this 
question and clearly indicate that the inclusion of YOY in trout 
metrics increases temporal variability and reduces statistical 
power. This finding is not unexpected because interannual vari-
ability in trout recruitment varies greatly in the Esopus Creek 
(George and Baldigo 2016; George et al. 2015) and elsewhere 
(Cattanéo et al. 2003; Unfer et al. 2011). In our simulation, YOY 
trout metrics could not achieve a power of 0.80 to detect a 
change of d = 1.5, 2.0, or 5 .0. T his  is p roblematic b oth b ecause  
the number of surveys needed to detect change with these met-
rics appears to be prohibitively large, and any effect sizes that 
could be detected would likely be far in excess of those targeted 
by most monitoring programs and would be at risk of missing 
ecologically meaningful changes to fish populations. 
The strong performance of time-based metrics was an unex-

pected finding in this assessment and may reflect gear satura-
tion. Time-based metrics had lower temporal variability than 
area- or length-based metrics, and the “ all-fish first-pass density 
time” metric required the fewest surveys to achieve adequate 
power of any metric with the exception of the four diversity-
based metrics. These findings are consistent with those of a simi-
lar study in headwater streams, which found that time-based 
metrics were less variable than metrics standardized by area or 
length and generally required similar or smaller sample sizes 
as other abundance-based metrics to achieve adequate power 
(George et al. 2019). Metric power and metric accuracy are not 
necessarily synonymous, however, and a metric could conceiv-
ably achieve low temporal variability and therefore high power 
because of a consistent bias (e.g., underestimation of extreme val-
ues). The data in this study, as well as those in George et al. (2019), 

Fig. 4. Relationship between the mean coefficient of variation (CV) and number of surveys (N) needed to detect a change of d = 1.5 with a 
power of 0.80 for 24 fish metrics using the biennial sampling scenario. Black dots are raw data, the black line is the mean predicted 
number of surveys required, and the gray polygon indicates the 95% prediction interval. Ten metrics were excluded from the regression 
because the specified effect size could not be detected in those metrics at any N considered. 

308 Can. J. Fish. Aquat. Sci. Vol. 78, 2021 

Published by NRC Research Press 

C
an

. J
. F

is
h.

 A
qu

at
. S

ci
. D

ow
nl

oa
de

d 
fr

om
 c

dn
sc

ie
nc

ep
ub

.c
om

 b
y 

13
7.

14
1.

22
1.

29
 o

n 
01

/0
3/

23



suggest that time-based metrics were strongly correlated with 
area- and length-based metrics at low-to-moderate fish densities, 
but that time-based metrics plateaued, and this relationship was 
not maintained at higher fish densities. This likely reflects gear 
saturation occurring at higher densities, at which point capture 
efficiency (the probability of capturing an individual fish in a 
unit of effort) diminishes. In an examination of boat electrofish-
ing data, Marcy-Quay et al. (2019) showed that when fish densities 
were high, a time-based measure of effort resulted in hyperstable 
catch per unit effort (relative to spatial standardizations) due to 
gear saturation. Although not as well documented for backpack 
electrofishing, gear saturation could similarly result in greater 
temporal variability of area- and length-based metrics if they 
are more capable of documenting the upper maxima of the natu-
ral range in abundance than time-based metrics. Therefore, 
our results suggest that the lower variability and greater power 
observed in time-based metrics should be interpreted cautiously 
and may suggest this metric class is not ideal for trend detection. 
Our study found significantly lower variability in abundance-

based metrics relative to mass-based metrics, but the results of 
other studies suggest this finding may vary by stream size or 
other habitat factors. For example, Dauwalter et al. (2009) did not 
find a clear pattern in the relative variability in abundance and 
biomass of populations of different trout species from streams 
across North America. Similarly, in a study of headwater streams 
in New York, George et al. (2019) found that most mass-based met-
rics had slightly lower variability than their abundance-based 
counterparts, but this difference was not statistically significant. 
One source of this inconsistency may be attributable to differen-
ces in the size of the streams considered. For example, in George 
et al. (2019), the average drainage area of the 13 study streams was 
9.5 km2 compared with 67.2 km2 in this investigation. In the pres-
ent study in the Ashokan watershed, it was common to encoun-
ter one or two large individual fish that composed a large portion 
of the entire biomass at a location. For example, a brown trout 
with a mass of 1100 g was captured during the 2010 survey at site 
esop3a, comprising 45% of the total mass collected in that survey. 
Thus, on the Esopus Creek and tributaries, the presence or ab-
sence of one or two large fish (that may move in or out of the 
study reach at random) on a given day can create high temporal 
variability in mass-based metrics over time. This source of vari-
ability could potentially be reduced by sampling longer reaches 
such as the minimum 150 m recommended by the US Environ-
mental Protection Agency (USEPA 2017), but conducting multiple 
passes on reaches of this length can be cost- and time-prohibitive. 
Overall, however, it appears that the variability and power of 
abundance- and mass-based metrics will vary by the study area 
and cannot be broadly generalized. 
Although our simulation study addresses a number of impor-

tant and understudied aspects of stream fish assemblage moni-
toring, the findings should be viewed within the broader context 
of environmental monitoring. First, the metrics we used in the 
simulation were chosen because they are regionally appropriate 
for the low-diversity streams in the Catskill Mountains. Many of 
these metrics have been used extensively in New York to evaluate 
the impacts and recovery from acid deposition (Baldigo et al. 
2019; Baldigo and Lawrence 2001; Simonin et al. 2005). Research-
ers working in other regions will likely want to consider a differ-
ent suite of metrics that effectively characterize the condition of 
local assemblages. For example, more diverse assemblages with 
species spanning a wider range of life histories and trophic posi-
tions might be more effectively characterized using functional 
metrics within an index of biological integrity (Karr 1981). How-
ever, the assessment of metric power we present here can be 
used as a framework to evaluate the performance of any suite of 
metrics to inform monitoring in a wide range of conditions. Sec-
ond, and more importantly, low temporal variability in a metric 
does not imply that the metric adequately characterizes the 

resource of interest. Maximizing power to detect a change in 
long-term monitoring is only valuable if the metrics considered 
provide relevant biological information over an applicable time-
frame. In our study, the most general metrics (aggregated diver-
sity and all-fish metrics) had the smallest CV and highest power 
to detect change, whereas biologically specific metrics (trout and 
YOY trout metrics) had the largest CV and lowest power to detect 
change. This suggests there may be some trade-off between abil-
ity to detect change and the biological specificity or relevance 
of a metric. Obviously, a researcher interested in determining 
whether trout populations are declining over time would not use 
a metric of the entire fish community simply because it was less 
variable than a trout-only metric. However, using a YOY metric in 
the streams studied here would lead to singular failure of moni-
toring to detect change under the type I error rate assumed (a = 
0.05) and would become increasingly difficult under more com-
plex experimental designs, such as those incorporating site �
time interactions. Balancing the optimization of power and bio-
logical relevance of candidate metrics is, therefore, an important 
consideration during the response design. 
The findings from this study address a number of understudied 

topics in response design (Stevens and Urquhart 2000) and have 
important implications for optimizing fish monitoring efforts in 
streams of the Catskill Mountains region and elsewhere. First, 
our findings generally supported those of others that there is 
often low power to detect trends in fish populations (Ham and 
Pearsons 2000; Wagner et al. 2013). Thus, natural resource man-
agers should consider how critical it is to maintain a type I error 
rate of 0.05 or if achieving 80% or 90% confidence in a trend is suf-
ficient to warrant management action (Dauwalter et al. 2009). 
However, our simulation found a large gradient in the statistical 
power that can be obtained from different fish metrics and, to a 
lesser extent, the monitoring framework in which they are uti-
lized. Within the biennial scenario, the number of surveys 
needed to detect a change of d = 1.5 with a power of 0.80 ranged 
from 30 to greater than 300 surveys depending on the metric uti-
lized. Given that the cost of a typical fish community survey may 
range from US$500 to US$3000 (Baldigo et al. 2017), the difference 
in resource expenditure needed to reach a power of 0.80 could 
vary by hundreds of thousands of dollars between metrics. Simi-
larly, the standardized (N = 60) index of mean power across met-
rics ranged from 0.35 to 0.53 depending on the monitoring 
scenario utilized, suggesting that monitoring framework could 
affect resource expenditure on the scale of thousands to tens of 
thousands of dollars. This suggests that the decision of what to 
monitor (i.e., metric selection) may affect statistical power more 
strongly than the monitoring framework within which that 
metric is utilized, although both require careful consideration. 
Additionally, our simulation results indicate that metric power 
ranged from high to low across a gradient of broad to narrow bio-
logical specificity. As a result, diversity and community-based 
metrics achieved greater power than metrics summarizing only 
a subset of species or life stages. Thus, developing an effective 
monitoring plan is a complex process that should first consider 
the question of interest, the biological relevance of metrics, and 
finally the statistical power of metrics and monitoring designs. 
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