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State-space analysis of power to detect regional brook trout
population trends over time
Kasey C. Pregler, R. Daniel Hanks, Evan S. Childress, Nathaniel P. Hitt, Daniel J. Hocking,
Benjamin H. Letcher, Tyler Wagner, and Yoichiro Kanno

Abstract: Threats to aquatic biodiversity are expressed at broad spatial scales, but identifying regional trends in abundance is
challenging owing to variable sampling designs and temporal and spatial variation in abundance. We compiled a regional data
set of brook trout (Salvelinus fontinalis) counts across their southern range representing 326 sites from eight states between 1982
and 2014 and conducted a statistical power analysis using Bayesian state-space models to evaluate the ability to detect temporal
trends by characterizing posterior distributions with three approaches. A combination of monitoring periods, number of sites
and electrofishing passes, decline magnitude, and different revisit patterns were tested. Power increased with monitoring
periods and decline magnitude. Trends in adults were better detected than young-of-the-year fish, which showed greater
interannual variation in abundance. The addition of weather covariates to account for the temporal variation increased power
only slightly. Single- and three-pass electrofishing methods were similar in power. Finally, power was higher for sampling
designs with more frequent revisits over the duration of the monitoring program. Our results provide guidance for broad-scale
monitoring designs for temporal trend detection.

Résumé : Si les menaces pesant sur la biodiversité aquatique s’expriment à de grandes échelles spatiales, la détermination des
tendances régionales d’abondance est difficile en raison de la variabilité des approches d’échantillonnage et des variations
temporelles et spatiales de l’abondance. Nous avons compilé un ensemble de données régional de dénombrements d’ombles de
fontaine (Salvelinus fontinalis) dans toute la partie sud de leur aire de répartition qui représente 326 sites dans huit États, pour la
période de 1982 à 2014, et mené une analyse de l’efficacité statistique en utilisant des modèles bayésiens d’espace d’états pour
évaluer la capacité de déceler des tendances dans le temps en caractérisant des distributions postérieures par trois approches.
Différentes combinaisons de la période de suivi, du nombre de sites et de passes de pêche électrique, de magnitude des baisses
et de différents motifs de visites répétées ont été testées. L’efficacité augmente parallèlement à la période de suivi et à la
magnitude des baisses. Les tendances des adultes sont mieux détectées que celles des poissons de l’année, qui présentent une
plus grande variation interannuelle de l’abondance. L’ajout de covariables météorologiques pour expliquer les variations dans
le temps n’accroît que légèrement l’efficacité. Les méthodes de pêche électrique à une passe et trois passes présentent une
efficacité semblable. Enfin, l’efficacité est plus grande pour les approches d’échantillonnage intégrant des visites plus fréquentes
sur la durée du programme de suivi. Nos résultats fournissent des orientations pour la conception de programmes de suivi à
grande échelle visant à détecter les tendances temporelles. [Traduit par la Rédaction]

Introduction
The ability to accurately monitor the status and trends of pop-

ulations is of increasing interest to fisheries managers looking to
manage aquatic biodiversity at broad spatial scales in a changing
environment. Given budgetary and labor constraints, managers
aim to implement monitoring programs as efficiently as possible.
The ability for managers to identify regional trends and their
causes is important because conservation efforts at the local scale
may be hindered by factors operating at a larger scale. Recogniz-
ing these broader-scale drivers can help prioritize sites that are
less susceptible to these changes. Detecting regional trends in

survey data are challenging, particularly when sampling proto-
cols differ by region and agency. Long-term regional trends can
also be masked by shorter-term among-year variability.

Statistical power analysis is commonly used to assess the abili-
ties of sampling protocols and effort levels required to detect an
effect or trend. In the frequentist framework, power is equal to
one minus the probability of a type II statistical error, where a
type II error is incorrectly retaining the null hypothesis when it is
false (Gotelli and Ellison 2004; Brown and Guy 2007). Minimizing
the type II error is important for conservation efforts, since the
failure to detect a trend can lead to inappropriate management
and jeopardize species persistence (Maxwell and Jennings 2005).
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Power to detect temporal trends of fish populations depends on
the magnitude of the trend, numbers of sampling sites and years,
temporal variation in abundance (i.e., population stability over
time), and the distribution of effort across time and space (i.e.,
sampling designs; Urquhart and Kincaid 1999; Larsen et al. 2001;
Dauwalter et al. 2009, 2010; Wagner et al. 2013). Although power
analysis is often based on the frequentist framework, few studies
have employed Bayesian approaches (but see Wagner et al. 2013,
2014), which can provide a more probabilistic interpretation of
power (Kruschke and Liddell 2018). Bayesian methods infer the
probabilistic distribution of a parameter given the data and can
characterize and communicate parameter uncertainties more
readily than null hypothesis testing, which relies on a subjective
threshold value for rejecting the null hypothesis (i.e., P values;
Wade 2000).

Fisheries resources are increasingly affected by drivers that op-
erate at broad spatial scales, such as climate and land use change
(Midway et al. 2016). However, power analysis to detect temporal
regional population trends is challenging and rarely performed.
Challenges arise due partly to difficulties in collecting or assem-
bling a regional data set that transcend political and management
boundaries. Moreover, a regional data set will often contain mul-
tiple data sources that frequently employ different sampling pro-
tocols. For example, the length of a stream that is sampled may
differ among protocols (McMillan et al. 2013; Hilderbrand and
Kazyak 2017; Kanno et al. 2017), and capture probabilities of indi-
viduals similarly may vary across space and time (Petty et al. 2005;
Millar et al. 2016). Therefore, a flexible framework is needed for
analysis of regional data sets that can accommodate variability
among samples and other complex data structures, such as miss-
ing data.

In this paper, we conducted a series of power analyses to detect
temporal trends of regional abundance of brook trout (Salvelinus
fontinalis) at their southern native range by compiling a data set of
counts composed of 326 sites from eight states sampled between
1982 and 2014. Eastern brook trout populations have suffered de-
clines, particularly at the southern and central portions of their
native distribution (Hudy et al. 2008; Stranko et al. 2008; DeWeber
and Wagner 2015). Therefore, knowledge of adequate sampling
efforts and designs to detect temporal trends is needed to inform
conservation. We quantified spatial and temporal variation in
abundance and capture probabilities using the regional data set.
These empirical estimates were then used to simulate data sets
under varying effort levels (i.e., number of sites, years, and elec-
trofishing passes) and revisit designs to assess power for detecting
declining trends of varying magnitude. We used state-space mod-
els in the Bayesian framework and characterized posterior esti-
mates of temporal trends in three different ways as a measure of
power to detect negative trends over time: (i) a threshold ap-
proach by examining whether 95% credible intervals (CrIs) of the
trend parameter overlapped a value of zero, (ii) a proportion ap-
proach by determining the extent of negative posterior estimates,
and (iii) a precision approach by quantifying the variation of pos-
terior estimates.

Materials and methods

Data sources
A regional data set was compiled based on existing brook trout

count data collected by federal and state agencies and universities
(refer to online Supplementary material, Table S11). All fish sam-
pling was performed using backpack electrofishing methods. We
attempted to gather three-pass depletion electrofishing data to
estimate capture probability and thus abundance. The regional
data set was composed of 326 sites in eight states (Fig. 1 and

Table 1; Pennsylvania, Maryland, West Virginia, Virginia, Tennes-
see, North Carolina, South Carolina, and Georgia). Data were col-
lected between 1982 and 2014, representing a total of 3093
samples. A majority of samples (2255) was three-pass depletion
data, along with 34 two-pass samples and 804 single-pass samples.
The single-pass data originated from a single source (Shenandoah
National Park). They were included in the data set because three-
pass surveys were not conducted between 1982 and 1995 in the
park and sites had a combination of single-pass (1982–1995) and
three-pass (1996–2012) samples. A mean of nine annual samples
(range: 1–26) were available across all sites. Sampling methods
among different data sets appeared consistent due to field proto-
cols recommended by the Trout Committee of the Southern
Division of the American Fisheries Society (1992). Specifically,
block nets or natural barriers delineated upstream and down-
stream site boundaries to minimize fish movement in and out of
the site during sampling. The number of electrofishing units in-
creased with stream width. During the depletion survey, fish cap-
tured were temporarily housed in live cages outside of the study
site until all passes were complete. Fish were measured for total
length (TL) and weight (g) and then released back to the stream of
capture. We identified individuals as young-of-year (less than
1 year of age; YOY) fish if they were less than 100 mm TL; all others
were considered adults.

Statistical analysis

Power analysis workflow
We conducted a series of power analyses to detect regional

temporal trends of brook trout abundance using empirically
based simulations. Bayesian power analysis begins by character-
izing probability distributions of parameters, which are often de-
rived from the posterior distributions of a previous Bayesian
analysis (Kruschke and Liddell 2018). To this end, we fit Bayesian
state-space models to the regional data set where spatial and tem-
poral variation in abundance and capture probabilities were char-
acterized for YOY and adult fish. The next step was to then
randomly sample a set of parameter values. The empirical esti-
mates obtained were used in the following four simulations, with
500 runs each, to generate new data sets, and the simulated data
sets were analyzed with models identical to those fit to the empir-
ical data.

In the first simulation, trend detection was assessed under dif-
ferent sampling effort levels by varying the number of sites and
years for three-pass removal sampling. Second, seasonal weather
covariates were added as predictors of temporal variation in abun-
dance. We reasoned that reduction in interannual variation, due
to the inclusion of these predicators, might increase power be-
cause the magnitude of temporal variation in population abun-
dance is consistently identified as a major driver of power to

1Supplementary data are available with the article through the journal Web site at http://nrcresearchpress.com/doi/suppl/10.1139/cjfas-2018-0241.

Table 1. Summary of site-specific environmental data across 326 sites
across the southern range of native brook trout.

Median Mean Min. Max.

Latitude (°N) 38.4383 37.7567 34.6494 41.6928
Longitude (°W) 78.694 80.007 84.182 76.429
Elevation (m) 529 618 97 1504
Channel slope (%) 7.5 9.7 0.1 47
Aspect (degrees) 148.5 163.9 0.9 359.2
Upstream basin area (ha) 569.3 818.8 8.2 4221.2
Max. wetted stream width (m) 4.4 4.8 1.2 11.1
Site length (m) 100 112.1 23 400

Note: Elevation, channel slope, aspect, and watershed area were derived in
GIS using the National Elevation Dataset (http://ned.usgs.gov/). Wetted stream
width and site length were based on field measurements at stream sample sites.
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detect trends over time (Dauwalter et al. 2009; Russell et al. 2012),
and predictors may reduce unexplained temporal variation in
abundance. The third simulation compared power to detect
trends between single- and three-pass electrofishing methods.
Previous studies have focused on effort levels required along the
spatiotemporal dimensions (number of sites and years; Wagner
et al. 2013; Hocking et al. 2018), but adequate sampling effort at
the local site scale has not been scrutinized to the same degree.
Lastly, we compared revisit sampling designs in which distribu-
tions of effort among sites and years were varied while keeping
the total sampling effort constant.

Power was evaluated using three different approaches. The first
approach, similar to frequentist method, was to assess whether
95% CrI of the trend parameter overlapped with zero in each
simulation run (equivalent to P value = 0.05). For the four simula-
tions, we calculated the proportion of the 500 runs that met this
criterion to represent power (“threshold approach” hereinafter).
The second approach, termed “proportion approach”, was to as-
sess our ability to detect a negative trend by quantifying the pro-
portion of the posterior distribution that was negative. For each
simulation, the posterior distributions for the 500 runs were
combined. Although the proportion approach quantifies the
probability that a trend is negative, it does not provide informa-
tion about the precision in retrieving the true trend. Thus, the
third approach (“precision approach” hereinafter) was to calcu-
late the coefficient of variation (CV) for each combined posterior
distribution.

Empirical analysis of the regional data set
We first fit Bayesian state-space models to the compiled re-

gional data set. Temporal variation in abundance is a key factor
affecting power to detect trends of fish populations over time
(Dauwalter et al. 2009; Russell et al. 2012). In essence, temporal
signal (i.e., trend) is more challenging to detect when the back-
ground noise (i.e., temporal variation) is high. Spatial variation in
abundance is typically less important than temporal variation as a
factor influencing power for trend detection (Wagner et al. 2013),
but needs to be characterized when multiple sites are analyzed in
a regional data set. In addition, capture probabilities of stream
fishes are less than perfect and can vary over time and space
(Royle 2004; Millar et al. 2016). Accordingly, we characterized spa-
tial and temporal variation in abundance while accounting for
imperfect capture probabilities using hierarchical models.

The regional brook trout count data, yi,t,j, were assembled by
size group (YOY or adult) at site i, year t, and pass j. True but
imperfectly observed abundance (Ni,t) at site i in year t was mod-
eled with a Poisson distribution:

(1) Ni,t � Poisson(�i,t)

(2) log (�i,t) � � � �i � �t � �i,t � log(1 � r) · t

� log(site length/100)

(3) �i � Normal�0, 	�
2�

Fig. 1. Map of study area showing locations of 326 sites in eight states in the southern Appalachian Mountains region.
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(4) �t � Normal�0, 	�
2�

(5) �i,t � Normal�0, 	�
2�

where � was the overall mean abundance, �i quantified random
site effects with variance of 	�

2, �t quantified random year effects
with variance of 	�

2, and �i,t was an overdispersion term with
variance of 	�

2. For the linear trend, an exponential growth model
(Gerrodette 1987) was used in which local populations were as-
sumed to decline annually with a constant rate (r) over time
(Dauwalter et al. 2009). An exponential trend is biologically more
plausible because populations typically decline by a constant rate
each year, not by constant number (Thompson et al. 1998). Fur-
thermore, given that the variance of abundance estimates can be
linked to the magnitude of population size and result in unequal
variances, the exponential model has been found to better stabi-
lize among-year variances (Thompson et al. 1998). An offset term
was included as the logarithm of study site length (m) standard-
ized by 100 m to account for varying lengths among samples
(Table 1). The abundance model above (eqs. 1–5) was used in all
simulations below, except the second set of simulations in which
seasonal weather covariates was included as predicators of abun-
dance.

The second abundance model was developed as a function of
seasonal weather predictors. Temporal patterns of brook trout
abundance, particularly YOY abundance, are influenced by varia-
tion in seasonal weather patterns (Kanno et al. 2016, 2017). Be-
cause temporal variation in abundance affects power to detect
trends (Dauwalter et al. 2009; Russell et al. 2012), we surmised that
the presence of seasonal weather predictors might reduce the
unexplained temporal variation in abundance and thus increase
statistical power (Ham and Pearsons 2000). In particular, high flow
conditions during early life stages negatively affect YOY abun-
dance of brook trout (Kanno et al. 2016, 2017) and other stream
salmonids (Fausch et al. 2001; Kovach et al. 2016) because fish at
early life stages are not equipped with swimming abilities to
withstand high streamflow resulting in bed-scouring episodes
(Roghair et al. 2002). Because brook trout are autumn spawners
with early life stages extending from winter to early spring, win-
ter (February–March) and spring (April–May) total precipitation
were considered as surrogates of stream flow conditions and in-
cluded as predictors of temporal variation in brook trout abun-
dance. Accordingly, eq. 4 above was modified by including the two
seasonal covariates:

(6) �t � Normal�
1 ·winter.prcpt � 
2·spring.prcpt, 	�.weather
2 �

where 
1 was the effect size of total prior year winter precipita-
tion, 
2 was the effect size of total spring precipitation, and
	�.weather

2 was the conditional variance. Following Kanno et al.
(2016, 2017), seasonal precipitation at each study site was charac-
terized based on the Daymet data set (Thornton et al. 2016), which
estimates daily precipitation at the 1 km2 scale. Annual mean
winter and spring precipitation was calculated by averaging
Daymet data across study sites to characterize precipitation at the
regional scale. Total precipitation in winter (annual mean =
102 mm, standard deviation (SD) = 25 mm) and spring (annual
mean = 119 mm, SD = 26 mm) were standardized by their mean
and SD prior to analysis and were not highly correlated with each
other (Pearson r = 0.33, P = 0.06).

Brook trout abundance (Ni,t), whether or not it was modeled as
a function of seasonal covariates, was linked to the observed
count data (yi,t,j) by modeling capture probability, pi,t, which could
vary by site i and year t:

(7) yi,t,1 � Binomial(Ni,t, pi,t)

(8) yi,t,2 � Binomial(Ni,t � yi,t,1, pi,t)

(9) yi,t,3 � Binomial(Ni,t � yi,t,1 � yi,t,2, pi,t)

We further considered that capture probabilities could be af-
fected by environmental conditions. Previous studies found that
capture probabilities were affected by sampling day-of-the-year;
streamflow typically decreases through the summer sampling sea-
son, and growth of YOY individuals make them more susceptible
to capture by electrofishing (Kanno et al. 2015, 2016). Therefore,
capture probabilities were modeled on a logit scale as

(10) logit(pi,t) � � � ·(day-of-the-year)i,t � �i

(11) �i � Normal�0, 	�
2�

where � is the overall mean capture probability,  is the coeffi-
cient of sampling day-of-the-year at site i and year t, and �i is a
random site effect with variance equal to 	�

2 to account for unex-
plained among-site variability in capture probabilities. Sampling
day-of-the-year was standardized by subtracting the mean day-of-
the-year from each observation and dividing by the SD.

The hierarchical models were analyzed with a Bayesian ap-
proach using Markov chain Monte Carlo (MCMC) methods in JAGS
(Plummer 2017) called from R (R Core Team 2016) with the jagsUI
package (Kellner 2014) (see the online Supplementary material for
example R and JAGS code1). Diffuse priors were used, including
� � Normal(0, 10), r � Normal(0, 10), 	� � Uniform(0, 2), 	� �
Uniform(0, 2), 	� � Uniform(0, 2),  � Uniform(0, 1.64) (Jeffery’s
prior for logit models), and 	� � Uniform (0, 1). Posterior distribu-
tions of model parameters were estimated by taking every 15th
sample from 120 000 iterations of three chains after discarding
30 000 burn-in iterations. Model convergence was checked by vi-
sually examining plots of the MCMC chains for good mixture and
using the Brooks and Gelman diagnostic (Brooks and Gelman
1998). This statistic compares variance within and between
chains, and models were assumed to have converged when the
value was less than 1.1 for all parameters (Gelman and Hill 2007).
Temporal trend and covariates were considered statistically sig-
nificant when their 95% CrI did not overlap with a value of 0.
Model fit was assessed visually by plotting predicted versus ob-
served count by electrofishing pass for each size group. Predicted
count for site i and year t was derived as Ni,t × pi,t for the first pass
(eq. 7), (Ni,t − yi,t,1) × pi,t for the second pass (eq. 8), and (Ni,t – yi,t,1 –
yi,t,2) × pi,t for the third pass (eq. 9). Pearson correlation was used to
assess the association between predicted and observed counts.
Empirical estimates of monitored parameters were used in simu-
lations to assess the power to detect temporal linear declines of
brook trout populations.

Simulations
The MCMC chains provided a posterior distribution with 24 000 sets

of parameter estimates in the empirical analysis. To run simu-
lations, we randomly sampled 500 sets of parameters, including
the overall mean abundance (�), the random site effect variance
(	�

2), the random year effect variance (	�
2), the abundance overdis-

persion variance (	�
2), coefficients for covariates to abundance

(winter and spring precipitation), mean detection probability (pi,t),
coefficient for the covariate to detection (sampling day-of-the-
year), and the random site effect variance (	�

2) to detection. This
process was repeated for each of the four different types of hier-
archical models: adults without covariates, YOY without covariates,
adults with covariates, and YOY with covariates. Subsequently, four
sets of simulations were conducted as described below.
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Simulation 1: effects of number of sites and years on power
The first set of simulations was intended to assess statistical

power for trend detections under different sampling effort levels
(the number of sites and years) and different rates of annual de-
clines for three-pass removal sampling. Data were simulated us-
ing eqs. 1–5 and 7–9 with varying levels of annual percent declines
(1.0%, 2.5%, and 5%), number of sites (5, 10, 50, and 100 sites) and
number of years (5, 10, and 20 years). Each unique combination of
these 36 settings was simulated 500 times using the parameter
estimates derived from the empirical data. Our ability to detect a
trend was evaluated using three approaches: (i) threshold ap-
proach, defined as the proportion of simulation runs out of 500
with the 95% CrI of annual trend (r in eq. 2) not overlapping with
a value of 0; (ii) a proportion approach, estimated using the
proportion of the posterior that was negative; and (iii) a precision
approach, which quantified the amount of variability in the pos-
terior distribution using a CV. We expected power to range be-
tween 0 and 1 in the threshold approach and between 0.5 and 1 in
the proportion approach. Without any trend, half of posterior
values should be positive and the other half negative. Therefore,
power in the proportion approach is not likely to fall below 0.5
when declining trends are simulated.

We then used a GLM (effects parameterization) with a logit link
function to assess factors affecting power in the threshold, pro-
portion, and precision approaches to detect a declining trend. The
response variable was power, and predictors included three cate-
gorical variables (number of sites, years, or annual percent de-
clines, with five sites, 5 years, and 1% annual decline as reference
categories). We also modeled two-way interactions between sites
and years, sites and annual decline, and years and annual decline.

Simulation 2: effects of seasonal covariates on power
The second set of simulations was conducted to assess whether

the presence of seasonal weather predictors for abundance could
increase statistical power by reducing temporal variation. Data
simulations were identical to those of the first set of simulations,
except that eq. 4 was replaced with eq. 6 to model annual mean
abundance in response to winter and spring precipitation. Values
of winter and spring precipitation were drawn from Normal � (0, 1)
due to standardization of these predictors by the mean divided
by SD.

Simulation 3: effects of number of electrofishing passes on power
The third set of simulations aimed at assessing whether power

differed when count data were collected with the three- versus
single-pass method. To this end, we selected a setting with inter-
mediate power from Simulation 1 (adult count data, with no en-
vironmental covariates, 48 sites, 20 years, and 2.5% annual rate of
decline). We further assessed whether power differed by decreas-
ing the number of sites to 24 and 12 sites for 10 years and a 2.5%
annual rate of decline. Data were simulated without seasonal
weather predictors, similar to Simulation 1. This third set of sim-
ulations differed from the first set in that missing data were in-
troduced for the second and third passes in 25%, 50%, 75%, and
100% of the 48 sites to quantify how increasing the proportion of
single- versus three-pass samples affected power to detect tempo-
ral trends.

Simulation 4: effects of revisit designs on power
The final set of simulations examined the effect of revisit de-

signs on power. Revisit designs here refer to the distributions of
effort across the spatiotemporal dimensions (number of sites and
years; Urquhart and Kincaid 1999). Once again, this final set of
simulations was identical to Simulation 1, except that missing
data were introduced across the spatiotemporal dimensions of
the data. We simulated the following five revisit designs, all of
which have identical total effort (200 samples; Table S21). The
“always revisit” design considered that 10 sites were sampled ev-

ery year for 20 years for a total of 200 samples. The “every other
year” design sampled 20 sites every other year for 20 years. In the
“rotating panel” design, sampling started with 10 sites in the ini-
tial year, after which two sites were removed from sampling and
two new sites were added for sampling. The two discontinued
sites were selected from those that had been sampled longest
prior to discontinuation. The rotating panel design resulted in a
total of 48 sites sampled for 20 years, with each site sampled for
different number of years (1–5 years). The “serially alternating”
design sampled four groups of 10 sites every 4 years for 20 years.
Thus, a total of 40 sites were sampled, with sites sampled five
times during the 20-year period. Lastly, the “augmented serially
alternating” design combined elements of always revisit and seri-
ally alternating designs. Specifically, five sites were sampled every
year for 20 years, and 20 sites were sampled every 4 years (five sites
annually).

All simulations were conducted with MCMC methods in JAGS,
using Clemson University’s Palmetto Cluster supercomputer
(http://citi.clemson.edu/palmetto/). Posterior distributions of model
parameters were estimated by taking every 50th sample from
30 000 iterations of three chains after discarding 30 000 burn-in
iterations.

Results
Mean elevation was 618 m (range = 97–1504 m) across 326 sam-

ple sites in the regional data set, and elevation generally increased
southward (Fig. 1). The mean maximum wetted stream width was
4.8 m (range = 1.2–11.1 m), and mean site length was 112.1 m
(range = 23–400 m). The mean upstream drainage basin was
818.8 ha (range = 8.2–4221.2 ha), and sites had a mean channel
slope of 9.7% (range = 0.1%–47%; Table 1). Mean sample day-of-the-
year was 197 (16 July) (range = 111–347; April–December), indicat-
ing that sampling encompassed spring and fall conditions but
most samples were collected during May through August (94.7%).

Abundance and capture probabilities of empirical data
Abundance of YOY brook trout was typically more variable than

adult abundance (Fig. 2). When the abundance submodel did not
contain temporal covariates, the random year effect (i.e., tempo-
ral variability) was larger in YOY (	� = 0.52) than in adults (	� =
0.23), although the random site effect was similar between YOY
(	� = 0.94) and adults (	� = 0.83), and was larger than the random
year effect in both size classes, as might be expected from a
regional-scale analysis of this magnitude (Table 2). Coefficient of
variation, a measure of temporal variation calculated as SD di-
vided by mean of samples, had ranges of 14%–131% (mean = 51%)
across study sites for adults and 28%–228% (mean = 88%) for YOY.

Winter and spring precipitation had significant effects on YOY
abundance, but not on adult abundance. YOY abundance was
negatively associated with winter precipitation (mean coefficient =
−0.26; 95% CrI: 0.48, −0.03) and spring precipitation (mean
coefficient = −0.25; 95% CrI: −0.49, −0.01; Table 2). Accordingly, the
random year effect on YOY abundance was reduced by approxi-
mately 17%, from 0.52 (	�) to 0.43 (	�.weather; Table 2). A similar
pattern was not observed in adult abundance when temporal co-
variates were included in the model. No long-term trend was iden-
tified for either YOY (r = 0.011; 95% CrI: −0.006, 0.027 for the model
with seasonal covariates, and r = 0.014; 95% CrI: −0.005, 0034 for
the model without covariates) or adults (r = 0.005; 95% CrI: −0.004,
0.014 with or without covariates).

Capture probability of adult brook trout was higher than that of
YOY. The intercept of the capture submodel (logit scale in Table 2)
indicated that the mean capture probability per electrofishing
pass during the mean day-of-the-year sampled was 0.72 (95% CrI:
0.71, 0.73) for adult and 0.59 (95% CrI: 0.58, 0.60) for YOY. Capture
probability of both size classes increased with the day-of-the-year
(Table 2). Model fit was sufficient, with Pearson correlation coef-
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ficient range of 0.82–0.99 between predicted and observed count
across electrofishing passes and size groups (Fig. S11).

Simulation 1: effects of number of sites and years on power
Power to detect temporal trends depended on the number of

years sampled, the magnitude of annual decline, size class (i.e.,
adult versus YOY), and to a much lesser extent, the number of sites
sampled (Fig. 3). Power to detect a 1% annual decline in the thresh-
old approach was low regardless of sampling effort (<0.19 in
adults and <0.09 in YOY) (Fig. 3a). However, as expected, power

increased as rates of annual decline and the number of years
sampled increased. For example, power increased substantially
from 0.16 to 0.99 in adults, when the simulated annual decline
was changed from 1% to 5% with sampling effort of 50 sites over
20 years. We observed similar patterns in power for the propor-
tion approach to detect a negative trend for adults (Fig. 3b). The
precision approach showed similar patterns as observed in
threshold and proportion approaches, in which the posterior dis-
tribution was less variable with increasing number of years and

Fig. 2. Time-series boxplots showing distributions of posterior mean abundance across sites sampled each year. Horizontal bars indicate
median values, boxes show the interquartile range, and whiskers extend 1.5× the range. Outliers are not shown.

Table 2. Parameter estimates of abundance and capture probability for adult and young-of-the-year
(YOY) brook trout based on models with and without temporal covariates (i.e., winter and spring
precipitation).

Posterior mean values (95% CrI)

Parameters Symbols in equations Adult YOY

Models without temporal covariates
Abundance

Intercept � in eq. 2 3.12 (2.93, 3.31) 2.70 (2.32, 3.09)
Temporal trend r in eq. 2 0.004 (−0.005, 0.013) 0.014 (−0.006, 0.034)
Random site effect 	� in eq. 3 0.83 (0.76, 0.90) 0.94 (0.85, 1.03)
Random year effect 	� in eq. 4 0.23 (0.18, 0.31) 0.52 (0.30, 0.68)
Overdispersion 	� in eq. 5 0.49 (0.48, 0.51) 0.91 (0.88, 0.94)

Capture probability
Intercept � in eq. 10 0.92 (0.88, 0.97) 0.36 (0.32, 0.41)
Day-of-the-year effect  in eq. 10 0.04 (0.02, 0.06) 0.05 (0.02, 0.07)
Random site effect 	� in eq. 11 0.30 (0.26, 0.34) 0.27 (0.23, 0.31)

Models with temporal covariates
Abundance

Intercept � in eq. 2 3.11 (2.91, 3.30) 2.80 (2.47, 3.13)
Temporal trend r in eq. 2 0.005 (−0.004, 0.014) 0.011 (−0.006, 0.028)
Random site effect 	� in eq. 3 0.83 (0.76, 0.90) 0.94 (0.85, 1.03)
Random year effect 	�.weather in eq. 6 0.24 (0.18, 0.32) 0.43 (0.32, 0.58)
Overdispersion 	� in eq. 5 0.49 (0.48, 0.51) 0.91 (0.88, 0.94)
Winter precip. effect 
1 in eq. 6 −0.01 (−0.14, 0.11) −0.26 (−0.48, −0.03)
Spring precip. effect 
2 in eq. 6 0.06 (−0.07, 0.19) −0.25 (−0.49, −0.01)

Capture probability
Intercept � in eq. 10 0.92 (0.88, 0.97) 0.36 (0.32, 0.41)
Day-of-the-year effect  in eq. 10 0.04 (0.02, 0.06) 0.05 (0.02, 0.07)
Random site effect 	� in eq. 11 0.30 (0.26, 0.34) 0.27 (0.23, 0.31)

Note: Posterior mean and 95% credible interval (CrI) values for abundance are on the log scale and those for
capture probability are on the logit scale.
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level of annual decline (CV range = −33.36 to −0.26; Table S31).
Given that there were large outliers in CV estimates, we took the
absolute value and log-transformed CV values to better visualize
these patterns graphically (Fig. 4).

Power for both threshold and proportion approaches was con-
sistently higher in detecting adult temporal trends relative to
YOY, reflecting smaller inherent temporal variability in adult
abundance (Fig. 2). Threshold power to detect population declines
of YOY was <0.25, except when a 5% annual decline was simulated
for 20 years (Fig. 3a). However, threshold power was ≥0.35 for
adult populations experiencing a 5% decline when sampling pe-
riod was halved (10 years) at 50 or 100 sites. Finally, the number of
sites sampled had a small effect on power, except for a few in-
stances (e.g., 2.5% annual decline and 20 years of sampling for
adults; Fig. 3a). Notably, power was nearly identical when the
number of sites sampled was 50 versus 100 sites. This suggests that
there is little added benefit of increasing from 50 to 100 sites.
Power differed only by 0.02 (both threshold and proportion) at the
most between 50 and 100 sites, which occurred when a 5% annual
decline of YOY abundance was simulated for 20 years. The amount

of variability in the posterior distribution to detect trend ranged
from a smallest CV of −0.615 to a largest of −101.403 for YOY
(Table S41). The greatest differences in variability were observed
when monitoring period length and level of annual decline was
increased. We also observed that there was a larger amount of
variability in the YOY trend estimates compared with adults
(mean CV difference = 10.54).

Generalized linear models (GLMs) for adults showed that num-
ber of sites (50 and 100 sites) and years (10 and 20 years) signifi-
cantly affected threshold power (P < 0.05; Table S51). However,
number of years had larger effect sizes (10 years = 2.61; 20 years =
3.28 on the logit scale) compared with number of sites (50 sites =
1.66; 100 sites = 1.33), which suggests that number of years is more
important to detecting trends than number of sites. The impor-
tance of the length of the monitoring period was also reflected in
interaction results, which showed that trends could be more read-
ily detected at both 10 and 20 years when in combination with a
higher annual decline (2.5% and 5% annual decline). Length of
monitoring period was also important to detect trends for the
YOY data set (10 years, P = 0.03; 20 years, P = 0.02; Table S61). GLMs
for the proportion approach to detect a negative trend did not
have any significant individual parameter estimates to detect
trends for adults (Table S71), but for the YOY data set (Table S81) the
length of monitoring period of 20 years was significant (effect
size = 0.25; P = 0.01). In both the adult and YOY data sets, there
were significant interactions (P < 0.05) between the length of mon-
itoring period (10 and 20 years) in combination with percent an-
nual decline (2.5% and 5% annual decline) and higher number of
sites (50 and 100). In the precision approach for adults, lower CV
values were significantly correlated with larger amounts of data
(e.g., 100 sites; 10, 20 years) and greater annual decline (2.5% and 5%
annual decline (Table S91). Similar patterns were observed in the YOY
data set (P < 0.05: 10, 20 years; 2.5%, 5% annual decline; Table S101).

Simulation 2: effects of seasonal covariates on power
Adding temporal covariates (i.e., winter and spring precipita-

tion) on abundance had small effects on power for both threshold
and posterior approaches (typically increasing power < 0.08;
Fig. 3), but there were differences between adult and YOY. In
adults, threshold power consistently decreased by the addition of

Fig. 3. Comparison of the threshold approach (a) and the
proportion approach (b) to detect three levels of simulated annual
decline (1%, 2.5%, and 5%) of adult and young-of-the-year (YOY)
abundance at different combinations of numbers of sites and years,
using models with and without temporal covariates (i.e., winter and
spring precipitation). [Colour online.]

Fig. 4. Comparison of the precision approach to detect three levels
of simulated annual declines (1%, 2.5%, and 5%) of adult and young-of-
the-year (YOY) abundance at different combinations of numbers of
sites and years, using models with and without temporal covariates
(i.e., winter and spring precipitation). Owing to large outliers, we
present the log-transformed, absolute value of coefficient of
variation estimates to better visualize patterns. [Colour online.]
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the temporal covariates (mean = −0.03 across 36 settings; Fig. 3a).
Power decreased as much as 0.13, which occurred when a 5% an-
nual decline was simulated with 50 sites and 10 years of sampling.
To the contrary, the effect of temporal abundance covariates was
variable among settings in YOY abundance (mean = 0 across
36 settings). With the addition of temporal covariates, power ei-
ther increased as much as 0.10 (100 sites, 20 years, and 5% annual
decline) or decreased as much as 0.03 (50 sites, 5 years, and 5%
annual decline). Power for the proportion approach also consis-
tently decreased for the adult data set when adding temporal
covariates (mean = −0.03 across 36 settings; Fig. 3b) and decreased
a maximum of 0.01 (50 sites, 5 years, and 5% annual decline). The
effect of temporal abundance covariates on the proportion of the
posterior distribution to detect a negative trend was again vari-
able among settings for YOY abundance (mean = 0 across 36 set-
tings). With the addition of temporal covariates, the proportion of
the posterior distribution to detect a negative trend increased by
as much as 0.04 (100 sites, 20 years, and 5% annual decline) or
decreased by as much as 0.04 (50 sites, 5 years, and 5% annual
decline). The addition of temporal covariates appeared to increase
the amount of variation in the posterior distribution for adults,
with a mean increase of 43.154 in CV estimates (Table S111). We
also observed an increase in variation for YOY CV estimates,
but the magnitude was less, with a mean increase of 25.217
(Table S121). The largest CV estimates occurred with shorter mon-
itoring periods and low magnitude of decline (e.g., CV = −135.301;
100 sites, 5 years, 2.5% annual decline).

Simulation 3: effects of number of electrofishing passes on
power

Power for both threshold and proportion approaches was
nearly identical when the proportion of single-pass sites was var-
ied. Threshold power changed only slightly (simulation settings:
48 sites, 20 years, and 2.5% trend) as the proportion of single-pass
sites increased to 25% (power = 0.69), 50% (0.70), and 75% (0.71).
Similar results were observed for simulation settings of 24 sites,
10 years, and 2.5% trend and 12 sites, 10 years, and 2.5% trend. For
these simulation settings (results for 24 and 12 sites, respectively),
power changed very little as proportion of single-pass sites in-
creased across 25% (power = 0.10 and 0.11), 50% (power = 0.10 and
0.12), 75% (power = 0.11 and 0.12). Results from the proportion
approach also changed very little when portion of single-pass sites
was varied (simulation settings: 48 sites, 20 years, and 2.5% trend)
as the proportion of single-pass sites increased to 25% (proportion =
0.95); 50% (proportion = 0.95), and 75% (proportion = 0.95)
(Table S131). Again, similar results were observed for simulation set-
tings of 24 sites, 10 years, and 2.5% trend and 12 sites, 10 years, and
2.5% trend. For these simulation settings (results for 24 and 12 sites,
respectively), the proportion of the posterior distribution to detect
trends also changed very little as proportion of single pass sites in-
creased across 25% (probability = 0.71 and 0.73), 50% (probability =
0.71 and 0.73), 75% (probability = 0.71 and 0.73). Notably, there was
also little to no variation in posterior distribution CV estimates when
proportion of single-pass sites increased across the three sets of sim-
ulation settings tested (Table S131).

Simulation 4: effects of revisit designs on power
Revisit designs affected power to detect population trends

(Fig. 5). For the threshold approach, all five designs had low sta-
tistical power to detect an annual decline of 1% (power < 0.14).
When higher rates of annual decline were simulated, power be-
tween sampling designs differed, where every other year and ro-
tating panel designs performed most poorly. At a 2.5% annual
decline, threshold power of the rotating panel design was 0.25,
whereas the best performing sampling design (always revisit de-
sign) had power of 0.59. Similarly, the rotating panel design dif-
fered in power by 0.30 at a 5.0% decline compared with the serially
alternative design. The proportion of the posterior distribution to

detect a negative trend showed similar patterns as power. How-
ever, the differences between a 2.5% and 5% annual decline in the
proportion of the posterior that we detected a negative trend was
smaller (mean difference = 0.09) compared with threshold power
differences (mean difference = 0.44). Additionally, for the rotating
panel design (1% annual decline), we observed a minimum propor-
tion of negative values to detect a negative trend (proportion =
0.650) compared with a previous minimum threshold power of
0.056. Variability in the posterior distribution varied little among
approaches, but with the greatest CV values observed in the every
other year and rotating panel designs (largest CV = −2.28 and
−2.57, respectively; Table S141). Otherwise, across all revisit de-
signs, variation in the posterior distribution appeared to decrease
with increasing magnitude of decline. The always revisit, serially
alternating, and augmented serially alternating designs had very
similar and among the lowest CVs (−0.32, −0.34, and −0.33, respec-
tively) with a 5% annual decline.

Discussion
We showed that (i) it was challenging to detect trends with low

annual percent decline; (ii) the number of sites sampled was less
influential on trend detection compared with the number of years
sampled, magnitude of annual decline, and temporal population
variability; (iii) the addition of temporal covariates to reduce
the annual variation in abundance had a small effect on power;
(iv) power was essentially identical between single- and three-pass

Fig. 5. Power of five different revisit designs at three levels of
annual declines. All designs have identical total effort (200 samples).
Sampling design 1: always revisit, 2: every other year, 3: rotating
panel, 4: serially alternating, and 5: augmented serially alternating.
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sampling methods; and (v) power of the every other year and the
rotation panel sampling designs were lower than that of other
designs considered. These findings suggest that a regional pop-
ulation monitoring program would be most effective, with a
primary goal of allocating some modest effort annually and sus-
taining it over a long period (>10 years). (vi) Lastly, characterizing
power with the proportion approach provided a clearer way to
interpret power relative to the threshold approach.

Power analysis for trend detection of fisheries resources is a
topic investigated in previous studies (Ham and Pearsons 2000;
Dauwalter et al. 2010; Russell et al. 2012). We extended these anal-
yses by linking our analyses with a large, regional brook trout data
set from 326 study sites and 33 years in the southern Appalachian
Mountains region. Analysis of data compiled from different
sources presents various challenges, such as missing data and
heterogeneous capture probabilities, but we overcame these chal-
lenges by using state-space models. Furthermore, our power anal-
ysis is one of the few fisheries analyses performed in a Bayesian
framework (but see Wagner et al. 2013, 2014), using different ap-
proaches to interpret posterior trend estimates. The threshold
approach is most similar to the traditional frequentist approach
in the sense that posterior distributions (95% CrI) were compared
against a threshold value (zero) to judge statistical significance,
and these results can be compared with previous power studies in
fisheries (Dauwalter et al. 2010; Ham and Pearsons 2000). The
proportion approach interprets posteriors more probabilistically,
and a couple of its advantages are noteworthy. First, the propor-
tion approach can characterize differences in power among
sampling designs more continuously than the admittedly dichot-
omous threshold approach. In the threshold approach, power was
frequently similar between sampling for 5 and 10 years, with a
large increase in power with 20 years of sampling (Fig. 3a). How-
ever, power differed more linearly with increasing number of
years in the proportion approach, presumably because this ap-
proach is not subject to a cutoff value, which may cause an abrupt
shift in power observed in the threshold approach. Second, the
interpretation of power is more straightforward with the propor-
tion approach. With power of 0.8, for example, one can make a
probabilistic statement such as “we are 80% confident that the
temporal trend is negative”. This approach is likely to facilitate
communications among managers and researchers in the man-
agement decision process. Furthermore, charactering the amount
of variability in the posterior distribution with the precision ap-
proach helps us better understand not only the direction of trend
but also how precise is the magnitude of the trend. Minimizing
the risk of imperfectly detecting trends is important when moni-
toring populations and considering future conservation actions.

Patterns observed in our simulation results corroborated previ-
ous studies of trend detection that power depends on the ratio of
temporal signals to noise (Dauwalter et al. 2010; Wagner et al.
2014; Zhang et al. 2018). Specifically, power increased with higher
annual rates of decline and the number of years sampled (i.e.,
temporal signals) and decreased for estimates of YOY trends,
which were more temporally variable than adult abundance.
Power using a 95% threshold was very low (≤0.25) unless the sam-
pling period extended over 20 years and (or) the magnitude of
annual decline was medium to high (2.5%–5%). Power using the
proportion approach was also low (�0.5) for a 1% annual decline,
but higher probabilities of detecting trend were observed for in-
termediate annual declines of 2.5%. Detecting small changes in a
short amount of time is a challenge of monitoring temporally
variable populations (Ham and Pearsons 2000; Wilson et al. 2011;
Wagner et al. 2013). Dauwalter et al. (2009) recommended that
fisheries biologists should target the least temporally variable
component of a population (e.g., adult instead of YOY in this
study) in monitoring programs. Similarly, 15 years were required
to accurately estimate spatiotemporal patterns and brook trout
densities in a Pennsylvania watershed (Hocking et al. 2018). We

considered that these challenges could be partly mitigated by
increasing the number of sites sampled, but this idea was not
supported in our simulations. In particular, power was similar
when the number of sites increased from 50 to 100 sites. In the
case of regional monitoring of southern Appalachian brook trout
populations, the current level of sampling effort by many federal
and state agencies, when combined together, appears sufficient to
provide fish population data that allow regional inferences of
trend (>50 sites). Admittedly, such effort requires additional in-
teragency coordination and cooperation, but it would be a worthy
effort to inform management of regional resources, particularly
in the face of ongoing land use and climate change.

The addition of temporal covariates on abundance had a lim-
ited influence on power to detect trend, but the different effects
on adult and YOY abundance provide some insights on the poten-
tial importance of reducing temporal residual error of abundance.
Winter and spring precipitation was negatively associated with
YOY abundance, but not adult abundance, a pattern similarly
reported in southern Appalachian brook trout populations, pre-
sumably due to scouring impacts on stream bed and early life
stages triggered by high stream flow (Kanno et al. 2016, 2017).
Although variable across simulation settings, it was interesting
that power to detect trends increased after adding weather cova-
riates only in YOY and decreased slightly but consistently in adults
in this study. Because temporal noise is among the most impor-
tant factors affecting power of trend detection (Dauwalter et al.
2009), it is conceivable that the inclusion of temporal covariates
helped increase statistical power by explaining some of temporal
variation in YOY brook trout populations. However, the addition
of temporal covariates reduced temporal noise (SD of random
year effect) only by 17%, which may not be large enough to trigger
more consistent, positive effects on power. Precision in trend es-
timates in the posterior distribution decreased with the addition
of temporal covariates for both adults and YOY but is expected as
covariates compete for data that remains the same.

Increasing the proportion of single-pass sites had limited effect
on power to detect an abundance trend. We observed very little
difference as the proportion of single-pass sites increased across
our estimates for the three approaches. Single-pass count was
strongly correlated with model-estimated abundance in southern
Appalachian brook trout (Fig. 3) and is often considered an index
of abundance in stream salmonids (Kruse et al. 1998; Meyer and
High 2011). Previous studies assessing power of single- versus
three-pass methods reported that power to detect temporal trends
was similar between the two methods in brook trout populations
(Wagner et al. 2014; Hanks et al. 2018). These findings indicate that
single-pass electrofishing can be a cost-effective alternative to
the three-pass depletion method in monitoring programs. Never-
theless, single-pass electrofishing data cannot provide density
estimates and may suffer when capture probability varies
substantially over space and time. The choice between single- and
three-pass methods also depends on the objective of data collec-
tion (Wagner et al. 2014). For example, three-pass data collection is
preferable over single-pass for objectives such as estimations of
abundance and detection probabilities (Sweka et al. 2012).

Revisit designs were comparable in power with a notable excep-
tion of decreased power in the every other year and rotating panel
designs. Urquhart and Kincaid (1999) suggested that revisits span-
ning across the entire study period would more likely detect tem-
poral trends than revisits that take place only close to each other
in time. In our rotating panel design, revisits to the same site
occurred ≤5 years, whereas revisits spread across the 20-year sam-
pling period in other four designs. The shorter time span of revis-
its would make it more difficult to detect temporal trend at any
site. Dauwalter et al. (2010) also reported that their revisit designs,
composed of the “always revisit” and variants of the “serially al-
ternating” design, were similar in power and suggested that man-
agers have flexibility to select a revisit design while incorporating
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other considerations. These three designs also had more precise
trend estimates with less variability in the trend posterior distri-
bution in comparison with the every other year and rotating
panel designs. Apart from the ability to detect temporal trend,
revisit designs including some consecutive years of sampling (i.e.,
always revisit, augmented serial designs) could allow inferences
for not only spatial and temporal patterns on abundance, but also
for population vital rates (i.e., recruitment). Count data replicated
across space and time have recently been used for inferring vital
rates (Dail and Madsen 2011; Zipkin et al. 2014; Kanno et al. 2015),
and characterization of both states and rates can be useful for
enhancing predictive and mechanistic understanding of how en-
vironmental change affects fish populations (Wheeler et al. 2018).
Demographic rates become more challenging to estimate when
sites are sampled every few years.

Our results can guide broad-scale monitoring designs for tem-
poral trend detection. Notably, the number of years sampled (i.e.,
monitoring period) was the most important variable affecting
power that managers can control. The major implication for man-
agers is that trend estimation requires long-term monitoring
(>10 years). It is also important to ensure that the same protocols
are implemented over the duration of the long-term study to min-
imize confounding effects between changes in sampling methods
and temporal changes in trend. Therefore, it is critically impor-
tant to design a sampling strategy that is sustainable over time.
One way to achieve a sustainable sampling strategy is to limit the
number of sites. Increasing the number of sites beyond 50 had
little additional gain in power. This number of sites should be
adequate for temporal trend detection as long as it can include a
spatially representative set of sites in a large geographic area. The
other approach towards a sustainable sampling strategy would be
to limit the number of sites with three-pass depletion sampling.
Once again, power is similar between single- and three-pass meth-
ods. However, it is not advisable to remove three-pass sampling
completely because one would not then be able to characterize
capture probability, which can differ by space and time, limiting
the ability to compare data sets across space and time.

In conclusion, this study provides guidance on the monitoring
design of regional fish abundance trends, and we note that it is
still a challenge to detect weak trends in abundance. Our study
provides evidence that it is important to evaluate trends outside
of a subjective threshold value to reject the null hypothesis. The
Bayesian framework allows better interpretation of trend esti-
mates through characterizing a probability distribution of param-
eter estimates and uncertainties in our proportion and precision
approaches. Accurately documenting population trends across a
species’ range requires collaborative effort within and between
managers and researchers. Monitoring effort by local agencies is
critical to the regional monitoring effort, likewise recognizing
regional trends are important for managers in their local conser-
vation efforts. For example, a local downward trend, in the face of
a stable regional trend, may indicate that localized management
actions (e.g., habitat enhancement and harvest regulations) have a
modest likelihood for success in curtailing the downward trend.
As another example, robust local populations when sites in the
region experience a declining trend may be candidates for protec-
tion. Fisheries managers are often interested in the following
question: “How are our local fish populations faring relative to
other populations within the species range?” Regional-scale mon-
itoring of brook trout populations appears achievable without
altering current sampling protocols of agencies involved substan-
tially, and this effort will increase in importance as regional driv-
ers of environmental change intensify.
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