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Abstract

Snorkel surveys are frequently used to monitor stream-dwelling fish. Inferring local abundance from snorkel surveys is
complicated by two primary factors: variable fish detection probabilities and the relative abundance of fish in habitat types
below the recommended minimum depth for snorkeling. We examine these factors across three salmonid species (Oncorhynchus
spp.), 4 years, and 113 location-years in Oregon coastal streams. We calibrate snorkel counts to mark-recapture estimates
and develop mathematically explicit expressions that convert a new snorkel count into a probability density of abundance
for streams containing mixed habitat types that were and were not snorkeled. Snorkelers detected 63%, 47%, and 39% of
juvenile coho salmon (Oncorhynchus kitsutch), steelhead trout (Oncorhynchus mykiss), and cutthroat trout (Oncorhynchus clarkii clarkia)
estimated by mark-recapture, respectively, but uncertainty within and among sampling units was high. Further, analytics
developed here can be used to infer abundance and uncertainty for habitat types that were not snorkeled. Our quantification
of uncertainty arising from using snorkel counts as a proxy for abundance will help managers balance biological risks with

available resources.
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Introduction

Snorkel surveys are widely used to monitor juvenile
salmonid abundance (Crawford 2011; Jonasson et al. 2016;
Poole et al. 2019). The purpose of snorkel surveys ranges from
the evaluation of recovery efforts (e.g., McElhany et al. 2000;
Flitcroft et al. 2012, 2014; O’Neal et al. 2016) to examina-
tion of ecological relationships (Hicks and Hall 2003; May and
Lee 2004). Snorkel surveys are often performed because they
cost less than electrofishing or mark-recapture and thus may
be conducted with greater replication in time and/or space
(Schill and Griffith 1984; Hankin and Reeves 1988; Dolloff et
al. 1993). Furthermore, snorkeling can be conducted in habi-
tats that are too deep or complex to effectively sample with
techniques that require fish to be captured (Gardiner 1984;
Hicks and Watson 1985). Snorkeling also poses less risk of
mortality than methods that require capture, making it well
suited for monitoring species listed under the Endangered
Species Act (ESA; O’Neal 2007).

Inference from snorkel counts is confounded by two pri-
mary factors. First, the detection probability of snorkeling
is often unknown (e.g., Hankin and Reeves 1988; Walters et
al. 1999), or can vary with differing survey types and species
(Staton et al. 2022), environmental conditions (Hayes and
Baird 1994; Mullner et al. 1998), and fish densities (Hillman

et al. 1992; Roni and Fayram 2000). Second, a depth of at
least 20 cm is recommended for snorkeling (O’Neal 2007).
The proportion of fish distributed into habitats below this
recommended depth is often unknown and can exhibit inter-
annual variation, complicating an attempt to infer local
abundance within a reach using detection-adjusted snorkel
counts (Constable and Suring 2023). Previous attempts to
quantify variation in abundance between sample units that
can and cannot be snorkeled are rare.

The need to address these factors was motivated by man-
agement concerns in Western Oregon, where coho salmon
(Oncorhynchus kisutch) are listed under the ESA and co-occur
with steelhead (anadromous O. mykiss) and cutthroat trout (0.
clarkii clarkii). In response to the ESA listing, a large-scale mon-
itoring effort was initiated in 1998 under the Oregon Plan for
Salmon and Watersheds (OPSW) that yields snorkel counts of
all three species (State of Oregon 1997). The OPSW monitor-
ing area includes 16 700 km of streams in three coho salmon
Evolutionarily Significant Units and four steelhead Distinct
Population Segments (Fig. S6). Snorkeling was used to mon-
itor this area because of its increased spatial coverage rela-
tive to other methods. Snorkeling was also favorable because
coho salmon prefer pools (Nickelson et al. 1992; Bisson et al.
1997), which typically provide adequate depths for snorke-
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ling but can be too deep or complex to efficiently sample
for methods that require fish capture (Mullner et al. 1998;
Satterthwaite 2002). Further, stream visibility and tempera-
tures in this area were conducive to snorkeling (Hillman et
al. 1992; Mullner et al. 1998; Roni and Fayram 2000). Under
the OPSW protocols, snorkeling is only conducted in pools
that are >20 cm deep. Other protocols similarly sample only
in pools (e.g., Flitcoft et al. 2014; Tualatin River Watershed
Council 2015) or pools and glides (e.g., Ebersole et al. 2009).

The OPSW monitoring data are used to assess trends in the
distribution and abundance of salmonids (Constable and Sur-
ing 2022) and inform the status of coho salmon (Wainwright
et al. 2008; Stout et al. 2012). For trend monitoring, a
method should be sufficiently precise and have consistent
bias (Temple and Pearsons 2007). Counts from snorkel sur-
veys have demonstrated repeatability (Thurow 1994). Resur-
veys of OPSW snorkel sites have indicated that snorkel counts
are precise (Constable and Suring 2022) but less was known
about snorkel survey bias. The magnitude of snorkeler de-
tection probability was previously thought to change accord-
ing to visibility conditions (Rodgers et al. 1992), species, life
stage, and number of fish (Hillman et al. 1992). Several studies
have compared snorkel counts to electrofishing removal esti-
mates (e.g., Roni and Fayram 2000; Ebersole et al. 2009). How-
ever, electrofishing estimates also have variable biases re-
lated to both fish and stream attributes (Peterson et al. 2004;
Rosenberger and Dunham 2005). Until now, little has been
done to compare the accuracy snorkel counts of coho salmon
with known numbers of fish or methods with less bias, such
as mark-recapture, since the assessments of Rodgers et al.
(1992) and Hillman et al. (1992). The accuracy of OPSW steel-
head and cutthroat counts is unknown, and we are unaware
of any attempt to infer uncertainties in abundance in fast-
water habitats (e.g., riffles and rapids) for these three species
given snorkel counts in pools for any protocol.

Here, we address the two factors that confound inference
from snorkel counts by developing techniques to convert a
new snorkel count into a probability distribution of abun-
dance in stream reaches containing a mix of habitats that
were and were not snorkeled. From 2016 to 2019, we sam-
pled 18 stream reaches (Supplement 1). In 66 pools, both
snorkel and mark-recapture estimates were conducted. Mark-
recapture estimates were conducted in an additional 47 fast-
water units. We develop novel analytics to quantify uncer-
tainty of fish abundance in pool habitats that were snorkeled
and in fast-water units where snorkeling was not conducted.

Materials and methods

Ongoing OPSW monitoring

The OPSW monitoring protocol employs a generalized ran-
dom tessellation stratified design to select random, spatially
balanced sites that are representative of the sampling frame
(Stevens and Olsen 2004). The OPSW sampling frame includes
all first- to third-order streams within coho salmon and steel-
head rearing distributions. Selected sites were surveyed us-
ing a snorkeling protocol developed by Rodgers (2000) and
a stream habitat survey protocol developed by Moore et al.

(1997). Surveying took place during daylight hours of the
summer base flow period (mid-July to early October). Snorkel-
ers began at the downstream end of the site and proceeded
upstream (Thurow 1994). The type of each habitat unit was
determined following Moore et al. (1997). Fast-water units
had slopes > 0, turbulent surface water, and were more uni-
form in channel bed form, relative to pools. Pools had a slope
of 0, still surface water, and contained a well-defined scour
within the channel bed form or an impounding feature, such
as a beaver dam or log jam. The length, width, and depth of
each fast-water unit (e.g., riffles, rapids, cascades) and pool
was measured. Fast-water units were not snorkeled under
OPSW protocols because the majority (78%, Constable, Ore-
gon Department of Fish and Wildlife, unpublished data) of
these habitats in the program’s sampling frame did not meet
the recommended 20 cm minimum depth criteria. Only pools
that were >20 cm in maximum depth and >6 m? in surface
area were snorkeled. Pools meeting these criteria were sur-
veyed in a single snorkeling pass, during which snorkelers
made separate counts of cutthroat trout and juvenile steel-
head >90 mm fork length (FL), and juvenile coho salmon
regardless of length. Juvenile steelhead and cutthroat trout
<90 mm FL were not counted because they cannot be reli-
ably distinguished by snorkelers in this size range (Hawkins
1997; Roni and Fayram 2000). Steelhead adults were rarely ob-
served during snorkel surveys because spawning run timing
does not coincide with the survey period (reviewed by Busby
et al. 1996). Resident O. mykiss (rainbow trout) are also rare
in OPSW project area, occurring mainly in habitats that are
upstream of barriers to anadromy (Busby et al. 1996), which
are outside of the sampling frame. In most years, 10%-15%
of surveyed sites were resurveyed to determine adherence to
survey protocols and the count precision.

Data collection

In our study, streams containing juvenile coho salmon, ju-
venile steelhead, and cutthroat trout from past OPSW sur-
veys were chosen to conduct concurrent snorkel counts and
mark-recapture estimates. Within chosen streams, a reach
was identified that contained four pool habitat sampling
units (hereafter “pool”) with fast-water units between each
pool. Thus, four pools and three fast-water units could be sur-
veyed in sequence. Pools were required meet the OPSW depth
and surface area criteria for snorkeling. Once this reach was
located, block nets were placed to establish closed popula-
tions (Peterson et al. 2005). Block nets were placed at the
top and bottom of the reach and at the transition between
each pool and fast-water unit to prevent fish from moving
between sampling units. The integrity of each block net was
examined by a snorkeler. This configuration allowed for a
snorkel count in each pool and a mark-recapture data collec-
tion in each pool and in each fast-water unit. Though block
nets are not typically present during snorkeling, we assumed
their presence would not significantly bias snorkel counts.
This assumption was based on OPSW field observations and
the work of Korman et al. (2010), who observed steelhead
remaining stationary for visual observations. Additionally,
mark-resight studies with observations find few fish from the
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focal reach in adjacent reaches the day after marking (Tim
Copeland, Idaho Fish and Game, personal communication).

Snorkel counts preceded mark-recapture estimates.
Snorkel counts were made following OPSW protocols
described above (Rodgers 2000). Visibility and hiding cover
were rated on an ordinal scale by the snorkeler, considering
water clarity and any other factors that could impede the
ability to observe fish (Rodgers 2000; Crawford 2011). After
snorkeling was completed, the reach was allowed to recover
2-2.5 h before the first phase of mark-recapture began. Fish
were captured by electrofishing with 1-3 Smith Root, Inc.
model 12-B backpack electrofishers. Mode switches were set
at G-5 (40 Hz at a 25% duty cycle) and voltage settings ranged
from 100 to 300 V; depending on stream depth, temperature,
conductivity, and fish response. Each pool and fast-water was
electrofished until the entire area of the pool was covered.
Fish were identified to species, counted, and marked for re-
capture. Fish captured in pool units were marked differently
than fish captured in fast-water units. When captured fish
had recovered and when electrofishing and marking was
completed in the subsequent upstream habitat unit, fish
were released back into the unit where they were captured.
Fish recaptured from outside the unit in which they were
marked were not included in mark-recapture estimates.
Mortalities recorded in the marking phase were not avail-
able for recapture and were not included in mark-recapture
estimates. Mortalities recorded in the recapture phase were
included in mark-recapture estimates.

When the marking phase was complete, the reach was al-
lowed to recover ~24 h before the recapture phase began
(Temple and Pearsons 2007). The duration of this recovery
period should satisfy our subsequent mark-recapture model-
ing assumption that capture efficiency was similar between
passes (Peterson et al. 2004; Rosenberger and Dunham 2005)
and similar among marked and unmarked individuals. Block
nets remained in place during this time and were inspected
periodically and cleaned of debris. Each pool and fast-water
unit was electrofished using similar effort as the first phase,
covering all areas of the habitat unit with a goal of recovering
approximately 50% or more of the marked fish (Rodgers et al.
1992). Numbers of marked and unmarked fish were recorded
for each species and mark location was recorded to determine
if fish had migrated past block nets (violating mark-recapture
assumptions). As with the marking phase, fish were held in
buckets within the unit where they were captured and re-
leased when they had recovered and when electrofishing was
completed in the subsequent upstream unit.

Mark-recapture analysis

There are four possible capture histories for an individual
sampled on two occasions: {1,1}, {1,0}, {0,1}, and {0,0}, where
1 indicates that the individual is observed, 0 indicates that it
was unobserved, and commas within a capture history {} sep-
arate first and second sampling occasions. A simple model for
these data assumes that capture probability, p, is a constant
for all individuals within a sampling unit, and constant across
sampling occasions (but not necessarily constant across sam-
pling units). Thus, under the constant p assumption, the four
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possible capture histories listed above should occur with fre-
quency p%, p(1 -p), (1 -p)p, and (1 - p)?, respectively. The fore-
going can be further simplified into just three kinds of ob-
servations. An individual can be observed on both occasions,
x = 2, with probability p?; observed once, x = 1, with proba-
bility 2p(1 - p); or never observed, x = 0, with probability (1
- p)?. These arithmetic facts are also given by the binomial
distribution

2

X

(1) f(X; 2, p) = ( ) px(l _ p)Z—x

where x is 0, 1, or 2, indicating the number of times an in-
dividual was observed. The number 2 in eq. 1 indicates two
sampling occasions in which individuals are available for ob-
servation. Finding the value of p that maximizes the likeli-
hood of data x is problematic because the number of individ-
uals with capture history {0,0} is axiomatically unknown and
so the number of instances in which x = 0 is thus unavailable.
Huggins (1991) addressed this issue for maximum likelihood
analyses by developing a likelihood that conditions estima-
tion of p only on observable capture histories.

Data augmentation with Bayesian techniques also provides
a work-around to the problem of unknown number of indi-
viduals with the {0,0} capture history. With data augmenta-
tion (Royle et al. 2007), we add an arbitrary number of “syn-
thetic” individuals with capture history {0,0} to the observed
data set. The analytical task becomes estimating the propor-
tion of real animals in the augmented data set. To do this, we
introduce a parameter, v, for the inclusion probability that
a given individual in the augmented data set is a real individ-
ual. For all individuals i in the augmented data set we have

(2)  zi ~ Bernoulli (y)
(3)  x; ~ binomial (p - z;, trials = 2)

and the sum over z is the estimate of abundance (Kéry and
Schaub 2012). We augmented all species-and-unit data sets
with 100 synthetic individuals.

Here, we extend the data augmentation technique to ac-
commodate our multiple sampling units (j), each having
unique covariates and observed snorkel counts. The in-
clusion probability of synthetic individuals was assumed
to vary across units, and flat prior distribution was used:
yj~Beta(1,1). We checked that posteriors of i were not trun-
cated at 1 to verify that data were sufficiently augmented.
Three alternative models are

(4)  Modell : p; ~ beta(1,1)

(5)  Model2 : pgg ~ beta(1, 1); ppoot ~ beta (1, 1)

(6)  Model3 : logit (p;) = bo + by * Clarity
+b, * Cover; b. ~ Normal (n = 0, 0 = 32)

where the distributions stated within each model are
Bayesian prior distributions. The large standard deviation (o
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Table 1. Two information-theoretic criteria (eviance information criterion (DIC) and atanabe-Akaike information criterion

(WAIC)) were calculated separately for each species and model type (1-3 vs. 1b—4b).

Coho Steelhead Cutthroat
A DIC A WAIC GoF A DIC A WAIC GoF A DIC A WAIC GOF
Model 1 1458 423 0.23 0 403 0.27 0 380 0.27
49 23 0.36 1990 18 0.37 894 0 0.39
0 0 0.36 1220 0 0.39 1100 15 0.37
1b 1547 392 0.31 158 319 0.52 0 274 0.50
2b 0 44 0.42 1659 66 0.62 627 26 0.60
3b 184 0 0.45 0 0 0.70 201 0 0.63
4b 782 492 0.25 315 340 0.37 337 305 0.37

Note: GoF is goodness of fit as described in eqs. 12 and 13 of main text. The R code for generating these metrics is given in Supplement 6.

= 32) is equivalent to a vague precision of 0.001. Note that
Model 1 estimates p uniquely for each of the j sites; Model 2
estimates p twice for sites dichotomously classified as either
“fast” or “pool”; Model 3 derives p for each of the j units using
alogit-linear model with the covariates clarity and cover. Thus,
in Model 3, the value of p at unit j depends on the across-unit
relationship between p and covariates clarity and cover.

A posterior distribution for the proportion of the local
abundance at a site that is observed by a snorkeler is obtained
simply by defining the quantity

Observedsnoricj

(7) Psnorkel,j = N

and then including this node in the Markov chain Monte
Carlo (MCMC) algorithm. The other derived quantities, mean
abundances across sites on different years, mean abundances
across years in different habitat types (pool vs. fast) and mean
ratios of abundance in fast vs pool sampling units for differ-
ent years can be similarly estimated with uncertainty inside
the MCMC algorithm without needing to specify additional
priors.

If the snorkel count is informative of abundance, then the
snorkel count data can be integrated directly into the abun-
dance estimate. Rather than estimating abundance across
sites and then quantifying the relationship with the associ-
ated snorkel counts, as in eq. 7, it is also possible to leverage
a potential relationship when estimating abundance at each
site. Specifically, we can replace eq. 7 with

(8)  Observedsorkerj ~ Binomial (Psnorkelj» NJ)

In this case, we estimate abundance ﬁ] jointly in eq. 9 and
over the sum of z in the data augmentation. This joint estima-
tion of abundance from two different data sources is known
as an integrated model (Schaub and Abadi 2011). In Table 1
and throughout, models 1, 2, and 3 that are fitted using eq. 9
instead of eq. 7 (those that integrate the snorkel counts) are
denoted with the letter “b”.

In Model 3, we ask whether mark-recapture capture prob-
ability is related to the stream habitat covariates clarity and
cover. We may also ask whether these covariates affect snorkel
detection probability. This is done with:

(9)  Logit (Psnorkelj) = Yo + y1 * Clarity
+y2 x Cover; y. ~ Normal (n = 0,0 = 32)

For simplicity, using stream covariates on snorkel detec-
tion probability was implemented only when the mark-
recapture capture probability was treated as a unique ran-
dom variable in each mark-recapture study (Model 1 above).
We call this Model 4b below.

Model comparisons were made with two different
information-theoretic metrics. The deviance information
criterion (DIC; Spiegelhalter et al. 2002) computed with
package R2jags uses half the variance of the deviance as
an approximation for the effective number of parameters.
We also calculated Watanabe-Akaike information criterion
(WAIC). This was done by recording the point-wise predictive
density of each datum x; in a species-specific data set of size
N,

(10) D; = binomial (x;, p - z;, trials = 2)

across all iterations, s, of the MCMC, yielding D; ;. Following
Gelman et al. (2014), we computed WAIC from the posterior
samples after completing the MCMC:

N s
1
(11) WAIC= -2 E log (S 52_1 D,-,S)

i=1

2
_ % Z <log (Dis) — log (Di)>

N S _
i=1 s=1
The “b” versions of the models contain two densities.
Model goodness of fit (GoF) was assessed with a posterior
predictive check (Bayesian p-value, Gelman et al. 1996). For all
real and augmentation individuals, i, we recorded Freeman-

Tukey (FT) statistics

(12) FT.obs; = (J:Z -VvE (xi))2
(13) FT.sim; = (N/x.simi — \/W)Z

at each iteration of the MCMC, where E (x;) = p; x z; * 2 and
x.sim; ~Binomial(p;*z;, size = 2). We summed FT.obs and FT.sim
over individuals and checked for the proportion of MCMC it-
erations where FT.sim > FT.obs.

Models were implemented with R Statistical Software
(V4.2.3; R Core Team 2023) and JAGS (V4.3.0; Plummer 2003).
For each model formulation-by-species cross (7«3 = 21 mod-
els), we ran 50 000 iterations of three MCMC simulations with
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Fig. 1. Point estimates and 95% highest probability density intervals (HPDI) for the proportion of juvenile coho seen by snorkel-
ers at each pool unit where mark-recapture and snorkel counts were conducted concurrently (left column). The integrated
models in blue include the snorkel count in the estimation of local abundance (denoted “b” in the main text). Alternative
model formulations (rows) produce similar results. Aggregating uncertainty within and across sampling unit results in the
probability density distributions for the proportion of fish seen by snorkelers given in the right-hand column.
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a 15 000 iteration burn-in period. Chains were thinned to
1:5, resulting in 21 000 posterior samples per parameter per
model per species. A high-performance computer server at
the University of Idaho was needed to prevent memory over-
load and had an additional benefit of running all 63 MCMC
chains simultaneously.

Inferring abundance in pool sample units

We desire a probability density function for the abundance
of fish in a pool given a new snorkel count in a pool. This
is possible using our empirical estimates of the proportion
seen by snorkelers. Denoting a new snorkel count as SC and
the now estimated proportion seen by snorkelers as PS, our
estimator of abundance in the pool is

sC
PS

We assume the new snorkel count comes from a pool unit
drawn randomly from the collection of pools sampled for this

study. We now develop a probability density function for I\I?w;
that includes uncertainty arising from random sampling of

(14)  Npool =

pool unit as well as uncertainty in the proportion of fish seen
by snorkelers. Uncertainty in the proportion of fish seen by
snorkelers across all units is given in the right-hand column
of Figs. 1-3. We note right skew in these posterior distribu-
tions arising from a few sites where snorkelers observed a
relatively high proportion of available fish. We therefore se-
lected a gamma distribution to generalize the empirical pos-
terior distribution of the among-sites proportion of fish seen
by snorkelers. Given that we have a gamma distribution in
the denominator of eq. 14, it is not trivial to find the density
function for abundance in the pool given some new snorkel
count. The change-of-variables technique provides the solu-
tion. Let w() denote the inverse function, and w' ( ) be the
derivative of the inverse function. The change-of-variables
technique stipulates that

19 5(5) =1 (o ()« o ()

Noting that the inverse function of eq. 14 is

(16) W (Npoor ) = PS = ==
Npool
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Fig. 2. Mean unit abundance (x-axis) for each of three species
(panels) and four years (y-axis). All estimates were generated
with Model 3b.
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2019-

Year

2018-

2017-

2016-
35 40 45 50
Mean Unit Abundance
Steelhead Model 3b

2019-

Year

2018-

2017-

2016-
3 4 5 6 7 8
Mean Unit Abundance
Cutthroat Model 3b

2019-

Year

2018-

2017-

2016-

7 8
Mean Unit Abundance

and f{) is the gamma function parameterized with shape «
and rate 8, we obtain

sca—l_ﬁ%a
==""¢ i f

(17) & (N sc. 0, B) = == «—1 7

SC

_— 2| "

N pool

To implement, we find values for « and g that maximize
the likelihood of our MCMC posterior samples for the species
of interest. These values are inserted into eq. 16. We may also
insert any value for new snorkel count SC and obtain

s 5] ﬁiﬁaile ﬂprlﬂot
w [ CEE R

sc |~
ANpoy = 1,

)

N, pool

indicating that we have a proper posterior probability. From
here, we can use numerical procedures to find the 95% high-
est probability density interval (HPDI) for 1\7;,;,1. This is done by
numerically integrating eq. 18 across variable ranges of the

X-axis (N;ﬂ and retaining the range integrating to 0.95 that is
higher on the y-axis (probability density) than all other 0.95
integral values.

Inferring abundance in fast sample units

We desire a probability density function for the abundance
of fish in a fast unit given a new snorkel count in a pool unit.
This is possible using our empirical estimates of the propor-
tion seen by snorkelers (PS) and the empirical estimates of the
ratio of abundance in fast and pool units (RatioFP) which was
calculated as a derived parameter in the MCMC procedure.

We begin by noting that

. SC
(19) Npast = ﬁ*RatioFP

where the first term on the right-hand side is the pool abun-
dance (eq. 14). We pool MCMC samples of RatioFP across all
years and then once again fit a gamma distribution using
maximum likelihood. This yields a closed-form parametric
model for the second term on the right-hand side of eq. 19.
Since we already have a closed-form solution for the first term
on the right side of eq. 19 (viz. eq. 17), we could proceed
with known methods for calculating a product distribution.
However, a more straightforward approach follows from not-
ing that the distribution of the quotient of two gamma-
distributed random variables is beta-prime distributed

RatioFP  (x/0)* '(1+x/0)*"F
PS B(a, B)

where B is the Beta function, @ and § are the shape and rate
parameters, respectively, of RatioFP, and o is the rate param-
eter of PS divided by the rate parameter of RatioFP.

The parametric form in eq. 20 is multiplied by a constant
(SC) to obtain a posterior for I\Tf\ast We employ the change-of-
variables technique again to obtain

— \a—1 — \ —a—pf
Nast NSS[
(21) h (Ngast: SC, @, B, 0) <T) (l i T)
5 , &, Pp,0) = *
fast B (Ol, /3)

This solution for the posterior distribution of I\Tf:st can be
confirmed with Monte Carlo techniques (Appendix A). With
this closed-form posterior for Ny, we can compute 95% HPDI
for any given snorkel count in pool sample units.

(20)

SC

e

Density-dependent snorkel detection

Our mark-recapture models make no assumption about
the relationship between pool sampling unit abundance and
snorkel detection probability. To determine whether snorkel
detection varies with abundance, we regress year-by-pool
point estimates of the proportion seen by snorkelers, psporkel
against the associated point estimate of abundance for that
pool and year. This is repeated for each species’ Model 1, 1b,
2, 2b, 3, and 3b.

Density-dependent habitat selection
Density-dependent habitat selection could cause the rel-
ative abundance of fish in fast and pool sampling units to
change as site-level abundance changes across space or time.
Such a response would add complexity when using snorkel
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Fig. 3. Point estimates and 95% highest probability density intervals (HPDI) for three species (rows) in pool (blue) and fast-water

(red) units. All estimates were generated with Model 3b.
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counts (collected in pools) to infer abundance in fast sam-
pling units or even site-level abundance. Simply plotting
the abundance ratio (Fast:Pool) over site abundance is con-
founded by different sites having different numbers of sam-
pling units in fast and pool sampling units. To remove the
effect of different proportion of fast-water versus pool units
within a reach, we calculate the mean abundance ratio of
Fast:Pool for a given site and year (y-axis) as

F
11: > f=1 Ny
P
% Zp:l NP
where N is all posterior samples of abundance in fast (f) and
pool (p) sampling unit. Aggregating the posterior samples

across sampling units enables calculation of a 95% HPDI. We
plot this over the mean unit abundance per site,

1 F+P
F+ PZi Ni

Can. J. Fish. Aquat. Sci. 81: 1279-1291 (2024) | dx.doi.org/10.1139/cjfas-2023-0085

where N; are posterior samples of abundance across all units
i within the given site and year, regardless of the number of
units within that site and year that are fast (F) and pool (P).
We report the standard error of the point estimates of abun-
dance among all units (fast and pool) within the site. We used
Type I and Type Il regression to test for an effect of mean unit
abundance per site on the Fast:Pool ratio to determine if site-
level abundance affects the distribution of fish between pool
and fast-water units. We also explored using the inverse of the
range of the 95% envelope of the Fast:Pool ratio in a weighted
regression.

Results

Pool and fast-water unit specific fin clips indicated 0.2%
of coho salmon, 0% of steelhead, and 1.8% of cutthroat
trout were recaptured outside of the unit in which they
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were marked, suggesting block nets contained fish within
their original sampling unit. Of all fish handled for mark-
recapture, 0.7% of coho salmon, 0.8% of steelhead, and
0.3% of cutthroat trout were electrofishing related mortali-
ties. These data indicated closed population assumptions for
mark-recapture were met. Snorkelers did not observe fish
crowding at block nets, suggesting that fish did not attempt
to escape pools during snorkeling.

Model convergence was verified by visually inspecting trace
plots. The maximum Gelman and Rubin (1992) convergence
diagnostic Rhat across all 6384 monitored parameters was
less than 1.05. The 10th, 50th, and 90th percentiles of the
effective number of samples per parameter were 820, 11 000,
and 21 000, respectively. No mark recapture model formula-
tion consistently outperformed others when looking across
species and information theoretic criteria (Table 1). How-
ever, there were generally small differences in parameter esti-
mates across mark recapture models for coho (Fig. 1) as well
as steelhead (Fig. S1) and cutthroat trout (Fig. S2). All mod-
els had satisfactory goodness of fit (Table 1). For simplicity,
we hereafter highlight Model 3b because it had good infor-
mation theoretic and goodness of fit metrics. Supplement 1
contains percentiles of posteriors for all parameters, as well
as the associated Rhat and effective MCMC sample sizes for
all models and species.

Integrating the snorkel count into the estimate of abun-
dance did not systematically affect the abundance estimate
(Figs. 1, S3, and S4). However, as noted above, units with
sparse mark-recapture data had poor goodness of fit unless
the snorkel count was integrated into the abundance esti-
mate. Generalizing the proportion of fish seen by snorkelers
across sample units is given in the right-hand columns of Fig.
1, Figs. S3, and S4. Using Model 3b, the mean of these dis-
tributions for coho, steelhead, and cutthroat trout are 63%,
47%, and 39%, respectively. However, uncertainty within and
across sample units was high.

The mean unit abundance varied considerably across years
for coho, with higher abundances on odd years (Fig. 2). In con-
trast, steelhead and cutthroat trout displayed more consis-
tent mean unit abundances across the four years of study (Fig.
2). On average, pool sample units contained 3.3 times more
coho than fast-water units (Fig. 3). Steelhead had equitable
abundances in pool and fast-water units, but uncertainty in
all estimates was high (Fig. 3). Cutthroat trout had slightly
higher abundances in pools than fast-water units, and there
was more variation in abundance across pool units than fast-
water units (Fig. 3). The proportion of coho residing in pools
was greater than that of steelhead and cutthroat trout (Fig.
4). All three species exhibited some interannual differences
in the fast:pool abundance ratio, but the magnitude of an-
nual differences was less than the differences among species
(Fig. 4).

The mean unit abundance at a site consisting of multiple
sample units did not predict the ratio of abundances among
pool and fast-water units (Fig. 5). Type I and Type II linear
regressions fit to these points were not significant at « = 0.05.
Using the inverse of the range of the 95% HPDI as weights in a
linear regression similarly yielded insignificant effects of site
abundance on the ratio of abundances among the site’s pool

Fig. 4. The ratio of abundances in fast-water units relative to
pool units for three species (panels) and four years (y-axis).
Note difference in scale on the x-axis. Values less than 1 in-
dicate greater abundance in pool units. These distributions
include uncertainty within and among sampling units. All es-
timates were generated with Model 3b.
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and fast-water units. We thus did not find a significant signal
of density-dependent habitat selection for all three species
but note that slopes were negative for all three species.

We used the analytical framework developed above to in-
fer abundance in fast-water units. Using eq. 16, we generated
a posterior distribution of the abundance of fish in a pool
given a snorkel count of 10 fish (Fig. 6). Application of eq. 20
to a future coho snorkel count in a pool yields abundance
in a fast-water unit (Fig. 7). This extrapolation includes un-
certainty in proportion seen by snorkelers and hence the as-
sociated pool abundance. It also includes uncertainty in the
ratio of abundances between pool and fast-water units (3.3x,
Fig. 3). Due to extreme uncertainty inferring cutthroat and
steelhead abundance in pools, we make no attempt to apply
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Fig. 5. Search for density-dependent habitat selection. The
average unit abundance at a site does not significantly predict
the ratio of abundances between pool and fast units within
that site. All estimates were generated with model 3b.
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eq. 20 and extrapolate abundance to fast-water units for these
species.

The proportion of fish seen by snorkelers generally de-
clined with increasing abundance in the pool for coho (Fig.
S3) and cutthroat (Fig. S4), but not necessarily steelhead (Fig.
S5). We once again note small differences between the alter-
native mark-recapture model formulations (rows of Figs. S3—
S5), and whether or not snorkel counts are integrated into
the abundance estimate or not (columns of Figs. S3-S5). The
effect of cover and clarity on snorkel detection were not sta-
tistically significant for any of the three species, but poste-
riors for both covariates were negative for all three species
(Supplement 4).

‘Canadian Science Publishing

Discussion

Our analysis of multiple mark-recapture and snorkel
counts shares some features of a novel analysis first devel-
oped by Staton et al. (2022). Both analyses use Bayesian tech-
niques to integrate uncertainty in mark-recapture estimates
into the snorkel detection probability. We further develop
estimators for uncertainty in abundance in fast-water units,
which may not be snorkeled under all protocols. By quanti-
fying the relative abundance of fish in pool and fast-water
units with a fuller accounting of uncertainty, we facilitate
estimation across stream unit types and enable the calibra-
tion of snorkel counts to population estimates when there is
a management need, e.g., management of steelhead fisheries
on southwest Oregon rivers (Oregon Department of Fish and
Wildlife 2021). In pools, snorkelers observed, on average, 63%
of the mark-recapture estimate for coho salmon. This result
is very similar to a previous result indicating that snorkelers
observed 64% of the mark-recapture estimate (Rodgers et al.
1992), suggesting that snorkeler detection probability has re-
mained consistent over time for OPSW monitoring.

We found a negative effect of abundance on the propor-
tion of juvenile coho and cutthroat seen by snorkelers across
all models. Some of the variance in snorkel detection proba-
bility can thus be attributed to variance in abundance. How-
ever, knowledge of the relationship between abundance and
snorkel detection probability has little practical utility be-
cause local abundance will generally not be known when
a snorkel count is made. In future scenarios when only a
snorkel count exists, inference about abundance in the pool
should proceed via eqs. 14 and 17 without further attempt
to “account” for effects of abundance on the snorkel detec-
tion probability. Since cover or clarity had insignificant ef-
fects on snorkeler detection probability for all three species,
these measures may provide only weak improvement in esti-
mates of abundance derived from snorkel counts.

Density-dependent habitat selection can influence popu-
lation regulation (Pulliam and Danielson 1991; McPeek et
al. 2001), species interactions (Danielson 1992), evolutionary
processes (Holt 1987), and the resulting eco-evolutionary dy-
namics (Morris 2011). Our study was able to detect whether
the relative abundance in pools and fast-water units within a
site changed with overall abundance in the site. We found
no such evidence of density-dependent habitat selection
within the range of naturally changing abundances that oc-
curred during our study. However, we note that coho ex-
hibit a strong positive relationship between abundance ra-
tio of units (fast:pool) and the mean unit abundance across
years. We do not consider this evidence of density-dependent
habitat selection because pooling data across units obscures
the spatial scale over which habitat selection occurs (i.e., a
site composed of multiple pool and fast-water units). Density-
dependent habitat selection of spawning Chinook salmon (O.
tshawytscha) has been documented in our study region (Falcy
2015), but remains poorly understood for juvenile coho, steel-
head, and cutthroat trout.

We focus herein on estimating uncertainty profiles for
abundance at the scale of pools and fast-water units, given
a pool snorkel count. Managers may desire information at
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Fig. 6. Probability density for the estimate of the number of juvenile fish of each three species (rows) in a pool given a snorkel
count of 10 (left column). The 95% highest probability density interval (HPDI) is given by the red horizontal line and blue
shading. The 95% HPDI envelope for pool abundance is given for snorkel counts ranging from 1 to 50 (right column). All

estimates generated with Model 3b.
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larger spatial scales. For example, a stream reach comprised
several pool and fast-water units. The abundance at the scale
of the entire stream reach is the sum of abundances in all
the pool units (presumably snorkeled) plus the sum of all the
abundances in all the fast-water units. The average of the pool
snorkel counts could be used in eq. 20 to generate an abun-
dance profile for each fast-water unit in the reach. Let the
median of the resulting distribution be the point estimate.
If there are four fast-water units, then the point estimate
for abundance in all the fast-water units within a stream is
simply the point estimate multiplied by 4. Treating each fast-
water unit as an independent random variable, we can easily
leverage the fact that variances are additive. That is, the vari-
ance of the sum of multiple random variables is equal to the
sum of the individual variances. Estimating the variance of
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the sum of several correlated random variables is also highly
tractable: simply add the variances and twice all the pairwise
covariances (see Bienaymé’s identity). Generating a probabil-
ity density function for the sum of multiple correlated ran-
dom variables is less tractable and may require the applica-
tion of moment generating functions. Regardless, the analyt-
ics developed here at the scale of habitat units can be rolled
up into an estimate with uncertainty at the scale of an entire
stream reach. Estimates at the reach scale can then be used
to estimate abundance at larger scales, such as stratum, by
extrapolating to the extent of species distribution within the
monitored area (Stevens and Olsen 2004).

Monitoring decisions are ideally motivated by a desire to
reduce uncertainty around management actions (Nichols and
Williams 2006) while also optimizing costs (Falcy 2018). Addi-
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Fig. 7. Abundance in a fast-water unit is derived from a snorkel count in a pool by accounting for the snorkeler detection
probability within and among pool units, and the ratio of abundances between pools and fast-water across all years. The left-
hand column illustrates a pool snorkel count of 20 coho. The red horizontal bar and the blue shading give the 95% highest
probability density interval (HPDI). The 95% HPDI envelope for fast-water abundance is given for snorkel counts ranging from

1 to 50 (right column). All estimates were generated with Model 3b.
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tional work on the efficiency of snorkel surveys could entail
simulating management decision-making with uncertainty
about biological trends. Our analysis provides the estimation
uncertainty that could be used in such a management strat-
egy evaluation (Punt et al. 2016) of an ESA listed species.
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Appendix A

Using the R programming language, define shape and rate
parameters for RatioFP and PS:

shape1<-14.00224 #(shape on RatioFP; numerator)
shape2<-12.0917 #(shape on PS; denominator)
rate1<-47.79727 #(rate on RatioFP; numerator)
rate2<-19.13105 #(rate on PS; denominator)

Simulate observations

RatioFP<-rgamma(100000, shapel, ratel)
PS<-rgamma(10000, shape2, rate2)
SC<-20

Obs.sim<-(SC/PS)«RatioFP

Calculate the probability density

fast<-seq(1,30, by = 0.001)
Obs.calc<-dbetapr(fast/20,
scale = rate2/rate1)«abs(1/20)

shapel, shape2,

Compare Obs.sim and Obs.calc in Fig. A1 for a demonstra-
tion of concordance between the derived mathematical func-
tion and the simulation.

We further note that our closed-form posterior numerically
integrates to 1 with absolute error <1.4E-06

f<-function(x){dbetapr(x/20,
scale = rate2/ratel)xabs(1/20)}
integrate(f,0, Inf)

shapel, shape2,

Fig. Al. Concordance between simulated and calculated
functions for the abundance of fish in a pool unit.
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