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Abstract

Imperfect detection is a common issue affecting the accuracy of surveys that quantify
animal abundance and distribution. To quantify detectability, counts are often calibrated
to independent measures of abundance (e.g., via mark-recapture) but stochastic sampling
variability in both data types is not typically accounted for. This practice may cause
detectability to be quantified inaccurately and lead to overly confident predictions for
out-of-sample applications. Our objective was to develop, apply, and simulation-test an
integrated approach for quantifying detectability that better-accommodates uncertainty in
the data. The method assumes mark-recapture and count surveys sample the same local
abundance with error, allowing the construction of a joint likelihood function for both
data sets. The model estimates coefficients that link detection probability to local
covariates through a logit-linear model, which enables correcting counts for imperfect
detection in locations where mark-recapture data are unavailable. We illustrate the
application of the model with an empirical data set of over 100 paired snorkel count and
mark-recapture electrofishing surveys for riverine salmonids in northeastern Oregon.
Covariates that best explained heterogeneity in detectability included species, visibility,
and channel unit type and depth, though substantial variability was attributed to
site-level random effects. Estimated detection probability ranged from 0.02 to 0.92 among
surveys and was higher for Chinook Salmon (Oncorhynchus tshawytscha) juveniles (mean:
0.38) than for steelhead /Rainbow Trout (O. mykiss; mean: 0.24). Simulation analyses
revealed that our integrated model performed better (relative to a method that treated
mark-recapture abundance estimates as known without error) with respect to (i) selection
of covariates, (ii) credible interval coverage, (iii) accuracy of estimated random variability
terms, and (iv) reduced sensitivity to violated mark-recapture assumptions surrounding
behavioral effects. This model represents an improvement over simpler calibration
methods, particularly for snorkel surveys, by applying more a rigorous statistical

treatment of sources of variability while explicitly describing the mechanistic link between



28 local conditions and detectability. The analytical methods we illustrate are general and
20 could be broadly applied to quantify detectability in other biological surveys with paired

30 abundance and count data.
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1 Introduction
Spatial and temporal patterns in population abundance are key information sources for
understanding the ecology of fish populations and forming the knowledge base for
management and conservation. For example, quantifying abundance is critical for
assessing the efficacy of preserves (Mosquera et al. 2000), measuring population response
to restoration actions (Roni et al. 2008), and setting harvest quotas (Walters and Pearse
1996). Complete population censuses are often infeasible and therefore abundance is
typically sampled using counts, which may be visual or capture-based in nature. Such
counts are imperfect measures of population abundance because they result from
imperfect detection, i.e., a surveyor can either count or fail to count individuals in the
population, making the probability of successfully counting any one individual (termed
“detection probability”) less than one. Imperfect detectability (also known as catchability
for capture-based methods) introduces a directional bias that underestimates true
abundance (Kéry and Schmidt 2008; Kellner and Swihart 2014). Further, the use of count
data as an index of abundance (or other indices, such as catch-per-effort) assumes that
detectability is constant across individuals, sampling locations, and time periods.
Detectability may not be constant and the same factors that influence its spatiotemporal
variability may also affect local abundance (e.g., density of large wood for riverine fishes).
Thus, quantifying detectability and the factors that influence its spatiotemporal variability
are critical steps for accurately estimating population abundance from count data.
Methods commonly used to quantify detectability include those that assume some
attenuation with increasing distance from the observer (distance sampling, Buckland et al.
2001), use spatiotemporally replicated counts (N-mixture models, Royle 2004) or
presence/absence data (Royle and Nichols 2003), or use the frequency with which marked
individuals are subsequently recaptured (mark-recapture methods, Seber 1986). Another
method, sometimes referred to as “double sampling” (Williams et al. 2002, Section 12.6

therein) or “dual-gear validation” (e.g., Thurow et al. 2006), uses intensively monitored
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sites to estimate total abundance which, when paired with independent counts, provide
an estimate of detection probability that may be applied to sites with count data only to
estimate abundance. This practice of pairing independent abundance and count data has
been widely used for quantifying detectability or otherwise obtaining count correction
factors for aquatic and terrestrial species. Examples include point counts paired with
census counts in nesting bird survey plots (Bart and Earnst 2002), spotlight counts of
crocodiles paired with mark-recapture (Hutton and Woolhouse 1989), spotlight counts of
deer paired with abundance from thermal imagery (Collier et al. 2007), aerial counts of
salmon paired with mark-recapture (Jones et al. 1998), and snorkel counts of fish paired
with abundance estimates from mark-recapture (Jonasson et al. 2016), electrofishing
(Thurow et al. 2006), or removal methods (Hankin and Reeves 1988; Hillman et al. 1992).

Given that detectability quantified using the double sampling design is generally
conducted on a small subset of sites and then applied to other locations, it is critical that
relationships with covariates and their out-of-sample uncertainty be accurately
characterized. To our knowledge, none of the examples of the double sampling design
above accounted for sampling variability in the abundance information used in the
analysis (i.e., stochasticity in sampling that creates uncertainty in resulting estimates). For
example, Thurow et al. (2006) used beta-binomial regression to quantify covariate effects
on snorkel survey detectability wherein abundance estimates derived from
efficiency-adjusted catch rates were treated as the binomial sample sizes and snorkel
counts were treated as successes. The abundance information that enables quantifying
detectability from a model like this has uncertainty, yet it was assumed to be a perfectly
known number of fish.

Ignoring sampling variability in the data that inform abundance estimates in double
sampling designs likely inserts additional noise into covariate relationships with
detectability, which could hinder our ability to identify optimal predictive models.

Further, unaccounted variability in abundance data is likely to inappropriately weight
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observations during model fitting and result in overstated confidence in

estimated /predicted detection probability. These issues may be problematic given the
central role served by covariate relationships with detectability: they enable comparisons
of count data across space and time. Thus, it may be preferable to analyze data generated
from double sampling designs using a method that explicitly acknowledges abundance is
unknown.

Snorkel surveys are commonly used to assess fish abundance and distribution as
part of routine monitoring programs (e.g., Constable and Suring 2015; Fowler 2017) and
directed ecological studies (Som et al. 2018; Flitcroft et al. 2013). They are frequently used
in riverine habitats for salmonid fishes, both for juveniles (Thompson and Lee 2000;
Flitcroft et al. 2013; Som et al. 2018) and adults (Pinter et al. 2018; Korman et al. 2002;
Thurow et al. 2006) but have also been used for other fish taxa and in non-riverine
environments (e.g., Lawson et al. 2011; Weaver et al. 2014; Ulibarri et al. 2017). Counts
obtained from these surveys can inform fine-scale patterns of fish-habitat associations
unavailable from larger-scale monitoring methods alone (Som et al. 2018). Further,
because fish are never handled during snorkel surveys, these methods are more rapid and
less intrusive than other survey methods (e.g., multi-pass electrofishing), making them
well-suited for monitoring the abundance and distribution of threatened species at large
spatial scales (O’Neal 2007).

Given the difficult nature of counting small and mobile organisms in flowing water,
snorkel surveys are subject to imperfect detection and the variability in riverine habitat
types in which they are applied suggests that detectability is not spatially homogeneous.
Thus, snorkel counts should be corrected for heterogeneity in detectability before they can
be interpreted as reliable indicators of abundance. The double sampling approach has
been used widely to quantify detectability in snorkel surveys (Hankin and Reeves 1988;
Hillman et al. 1992; Thurow et al. 2006; Jonasson et al. 2016). N-mixture models have

recently been used to address this issue (Som et al. 2018; Doll et al. 2020), but have not yet
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been widely applied for snorkel surveys and may not be ideal for all cases given the need
for within-site replication (which could otherwise be distributed spatially) and influential
assumptions that are easily violated (i.e., that abundance and detection probability are
constant among repeated visits to the same site, Barker et al. 2017). Thus, it would be
desirable to have a method for quantifying detectability that (a) is suitable for commonly
collected data sets (i.e., following a double sampling design), (b) accommodates
uncertainty in independent abundance estimates, (c) allows direct modeling and selection
of local covariates on detectability, and (d) propagates uncertainty in estimated
relationships to out-of-sample applications.

We present an analytical method for quantifying detectability from double sampling
designs in snorkel and other biological surveys intended to meet these criteria. Our
method jointly estimates abundance and covariate effects on detectability within a single
model rather than analyzing them sequentially. After describing the statistical structure
and its assumptions, we illustrate an application of the method using empirical snorkel
survey data collected in northeastern Oregon and use a simulation study to test its validity

in the face of violated assumptions and varying data quality and quantity.

2 Methods

2.1 General data structure

The method we describe for quantifying detectability requires paired abundance and
count data from a variety of locations and associated variables that may influence the ease
or difficulty of counting animals in each location. Our specific illustration assumes that
abundance data take the form of a two-sample mark-recapture design but other designs
could be accommodated by our approach. If possible, sampling locations should be
selected at the smallest spatial scale of interest to provide the highest resolution for
investigating the effects of local conditions on detectability. For example, riverine
sampling designs are often created hierarchically: channel units (i.e., individual pools,

riffles, or runs) are nested within a site, sites are nested within a tributary, and tributaries

7
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are nested within a basin — in this case, channel units should be selected as the
observational unit for conducting double sampling.
2.2 Modeling framework
2.2.1 Sub-model for detection probability
Our goal was to develop a model to describe how detection probability (denoted by ;) for
each observation (i; a unique pair of abundance and count data) varies as a function of
covariates. We define ; as the probability that each member of the population
(abundance denoted Nj;) is counted during the count survey. Thus, given known N; and
count (y;), a standard way to estimate the effects of covariates x1 ;, ..., x, ; on ¥; is via
logistic regression methodology:

logit(y;) = a + Brx1,it, ..., +BuXui + i),

& i N(O, o 2)
where « is the intercept, By, ..., B, are coefficients quantifying covariate effects on the log

(1)

odds of detection, and ¢; is a random effect for level j of a blocking factor, and j(i) denotes
the specific level that observation i belongs to (not all data sets will have a random

blocking factor). Logistic regression uses the assumption of binomial sampling;:

yi ~ B(¢i, Ni), )
to build the likelihood function. However, this requires an abundance value N;, and rarely
is this quantity known with certainty. We therefore constructed an integrated model that
uses this same logistic regression framework to model covariate effects on ;, but
simultaneously estimates N; from mark-recapture data and thus acknowledges its
uncertainty jointly with the uncertainty in count survey sampling. We chose to employ the
Bayesian inferential framework because it is useful for (2) hierarchical and integrated
models, (b) propagating uncertainty and parameter correlations to derived quantities, and

(c) estimation of posterior model probabilities for model-averaging purposes.
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2.2.2  Sub-model for abundance

We designed the model to accommodate data collected by a two-sample mark-recapture
design, in which the data for survey i are counts of the three observable capture histories;
these include the number of individuals captured and marked in the first period and
captured again in the second period (z; 11), the number of individuals captured and
marked in the first period that were not captured in the second period (z; 19), and the
number of individuals captured for the first time in the second period (z; o1). For one

observation, we organize these counts into the vector z;:

zi=[zn ziw Zio |- 3)
We used the conditional likelihood expression (Huggins 1989, 1991) that removes the
unobservable capture history (z; o9) from the calculation such that this three-element
vector can be fitted assuming multinomial sampling conditional only on individuals
captured in the study (more details in Williams et al. 2002, Section 14.1 therein). Consider
the case where all individuals in the first and second periods have capture probabilities
denoted by p; 1 and p; », respectively. The probability that a member of N; was captured at

all (denoted p;) is then:

pi =1—=(1=pin)(1=pi2), 4)
which can be used to create the vector (7t;) of expected capture history probabilities:
i = Pi,lfi,z
b
(1 — p:
T = L*IM) (5)
bi
1— n: ,
Mool = ( P:l)Pz,Z.
Pi

This probability vector forms the expected proportions of observed capture histories, and

is used in a multinomial likelihood by assuming:
zZ; ~ M(?Ti,i’i) (6)

where r; = z;11 + z; 10 + 2z 01. Then, abundance can be derived as:
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We embedded these calculations and their likelihood in the same model that includes the
count survey data and logistic regression such that all unknowns could be simultaneously
estimated (see Supplement A for integrated model pseudo-code written in the JAGS
language).

Otis et al. (1978) introduced a family of mark-recapture models for closed population
size estimation that vary in their assumptions about capture probabilities, and three of
these models are relevant to the two-sample design we implemented. These models are
commonly referred to as My, My, and My, (Table 1). Model My assumes that p; 1 = p; >
whereas model M; assumes that p; ; # p;» and is equivalent to the well-known
two-sample Lincoln-Peterson estimator. Model My, assumes a behavioral response to
capture and marking, such that capture probability in the second period depends on
whether the individual was previously captured. Model My, redefines p; , to be the
probability a fish is captured for the first time in the second period (and assumes
pi1 = pi2) and defines the recapture probability as c;». For model My, the calculation to

obtain 7t; must be modified to accommodate these new definitions:

i1 = Pi,lii,Z
i
1(1—cip
g0 = L*l) (8)
P;
1—p.1)p:
TTior = ( P::l)Pz,Zl
P;

where the definition of p; remains the same as in eq. 4. If behavioral effects are present,
they can create large errors in abundance estimates when unaccounted for (e.g., Peterson
et al. 2015). We thus designed our modeling approach to accommodate behavioral
responses if evidence suggests they exist. We first assessed which model assumption (M,
My, or My,) was most supported by all observations with mark-recapture data only — we

used the Watanabe-Akaike information criterion (WAIC) for this purpose (Watanabe 2013;

10
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Hooten and Hobbs 2015). Although discerning between M; or M, is problematic for one
z; vector alone, by imposing the same assumption on all available z; vectors
simultaneously and considering their likelihoods jointly, we were able to select the
mark-recapture model that is most supported by the accumulation of multiple repeated
mark-recapture studies (see the results of simulation block H presented in Supplement A
section A2.2.8 for a verification of this). We then fitted the integrated model that includes
both count and mark-recapture data using the mark-recapture assumptions deemed most
appropriate by WAIC.

2.2.3 Variable selection and model-averaging

Identifying which covariates are useful for explaining variability in detection probability
(i) in eq. 1is a key step in building a model that allows robust predictions for locations
with count data only. Our model accounts for model uncertainty in this regard with
additional parameters that enable estimation of the probability that each covariate should
be included in an optimal predictive model. These “indicator variables” (Hooten and
Hobbs 2015), denoted by wy, ..., wy, were Bernoulli random variables that, when
multiplied by each of the p coefficients, had the purpose of toggling on (w = 1) or off

(w = 0) the effect of each covariate on the log odds of detection. This enabled evaluating
multiple models during the fitting process (Kuo and Mallick 1998; Hooten and Hobbs
2015) while providing the posterior model probabilities needed for Bayesian multi-model
inference. The posterior mean of each w term represents the probability that the
corresponding covariate is a member of the optimal predictive model, with values greater
than 0.5 indicating that the covariate should be included (Barbieri and Berger 2004).
Model-averaged posteriors are calculated from wf rather than § and posterior model
probabilities are calculated from the relative frequency with which the various w terms are

jointly equal to 1 or 0.

11
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2.2.4  Model assumptions

Our model makes simplifying assumptions to enable estimation, and for our description
we divide these into three classes: those that apply to (2) random processes for
mark-recapture sampling, (b) random processes for count sampling, and (c) the joint
analysis of mark-recapture and snorkel data. All mark-recapture models we used assume
(i) the population is closed between the first and second periods, (i) capture/non-capture
outcomes are the result of independent events across individuals, (iii) all individuals
within a period have homogeneous (re)capture probabilities, (iv) there is no mark loss, and
(v) marked and unmarked individuals are correctly identified as such. Mark-recapture
models My, M;, and M, all make different assumptions about how capture probability
varies between periods and whether there is a behavioral effect of previous capture
(described above, also Table 1). Assumptions of the binomial model as the
count-generating process in equation 2 include (7) all members of N; have homogeneous
P;, (i) detection/non-detection outcomes are the result of independent events across
individuals, and (iii) individuals are counted a maximum of one time and are correctly
identified (e.g., to species). Integrating the two data types into a joint analysis introduces
two additional assumptions. First, this requires the assumption that sampling variability
is independent between mark-recapture and count surveys, e.g., negative errors in
abundance estimation are not associated with higher- or lower-than-expected outcomes
from the count survey. Second, we must assume that the population abundance N; is
unchanged in the time elapsed between mark-recapture and count surveys. This
assumption is less strict than complete closure as it does not assume no movement, but
rather that any movement of individuals in or out of the study area between surveys
results in net zero change on average across observations.

2.2.5 Computation

We fitted the model using Bayesian methods implemented with Markov chain Monte

Carlo MCMC) sampling using program JAGS (Plummer 2003) invoked through program

12
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R (R Core Team 2020) with the ‘jagsUI" package (Kellner 2018). The R packages ‘postpack’
(Staton 2020b) and “posterior” (Biirkner et al. 2020; Vehtari et al. 2021) were used for
posterior summarization and MCMC sampling diagnostics, respectively. We selected prior
distributions to be minimally informative while simultaneously discouraging implausible
values from being sampled by the MCMC algorithm. We discuss MCMC sampling,
diagnostics, and priors in greater detail in Supplement A and provide JAGS model
pseudocode therein as well. All code and data necessary to replicate the specific analyses
described below are provided in Staton (2020a).

2.3 Empirical application

2.3.1 Study system

Data were collected in the Grande Ronde River basin which originates in the Blue
Mountains of northeastern Oregon and flows northward to its confluence with the Snake
River (Fig. 1). Local salmon populations have declined precipitously from their historical
abundance (Nehlsen et al. 1991), prompting the listing of Snake River spring/summer-run
Chinook Salmon (Oncorhynchus tshawytscha) and Snake River steelhead (O. mykiss) as
threatened under the Endangered Species Act. Substantial resources have been invested in
restoring freshwater habitat conditions in this region, and snorkel surveys have been used
widely as a method for status and trends monitoring and evaluation of restoration
effectiveness (e.g., White et al. 2019).

2.3.2 Field data collection

The study design and details of data collection are fully described in Jonasson et al. (2016)
and we therefore provide only a brief overview here. Sampling occurred in the summers
of 2012 and 2015 and spanned a range of habitat types and stream sizes in the upper
Grande Ronde River, Catherine Creek, and their various tributaries (Fig. 1). Habitats were
classified into channel units (i.e., pools, riffles, and runs) based on differences in bedform
shape, gradient, and substrate size (CHaMP 2016). These channel unit delineations

provided the spatial scale at which snorkel surveys were conducted following White et al.
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(2012), which is based on previously established protocols (Thurow 1994; O’Neal 2007).
Essentially, a snorkeler entered each channel unit at the downstream end, identifying fish
species and enumerating their abundance as they proceeded methodologically upstream.
Two snorkelers were used in wider stream channels, in which case snorkelers
communicated with each other during the survey to avoid duplicate counting. Data were
temporarily recorded on an underwater slate and after the entire channel unit was
surveyed, snorkelers permanently recorded the counts by species and the quality of
visibility underwater as poor, average, or good based on a number of factors including
water clarity, shade, and obstructions to line of sight. Target species were Chinook Salmon
and steelhead /Rainbow Trout.

Prior to mark-recapture sampling, block nets were installed spanning the upstream
and downstream ends of the channel unit to ensure population closure between capture
events (Peterson et al. 2005). Fish were captured with backpack electrofishing in both
events and marked using fin clips in the first event. We limited the data set to include only
observations with valid data including non-zero marked and recaptured fish and paired
snorkel and mark-recapture data that occurred within a two-day time frame (generally,
snorkel surveys were conducted prior to mark-recapture sampling). This left 136 total
observations (unique species by channel unit visit combinations) which included 100
unique channel units (45 and 59 channel units sampled in 2012 and 2015, respectively;
four units were sampled in both years) across 44 unique sites; 38 of the observations were
of Chinook Salmon and 98 were of O. mykiss.

We collected additional covariates intended to describe fish behavior and local
habitat conditions that we hypothesized could influence detectability of our snorkel
surveys. These covariates were measured using slight modifications to the CHaMP (2016)
protocol and included: channel unit type classification (pool versus non-pool), average
unit depth (m), density of large wood (greater than 15 cm in width and 3 m in length) in

the wetted stream channel (pieces - m~2), snorkeler-determined quality of visibility (poor,

14
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2.3.3 Analysis
The model we applied to explain variability in snorkel survey detection probability had
the form:
logit(l[)i) = «a + wjB1Chinook; + w,B2Pool;

+ w3B3LWD2; 4 w4 4 LWD3;

+ w5[35V181i + a)6‘36VIS31'

+ w7,87Depthi + (,dgﬁgDepthi X POOL’ + 8](1)

All variables were binary except Depth., which was continuous and z-transformed prior

©)

to analysis. We coded Chinook; as 1 for Chinook Salmon and 0 for O. mykiss; likewise to
discern pool and non-pool units in the case of Pool;. We categorized large wood density
because samples were not spread evenly along the observed continuum: we coded LWD2;
as 1 if large wood density was non-zero but less than the median density of all non-zero
large wood density observations (0.026 pieces - m~2) and 0 otherwise; likewise for LWD3;
but for large wood densities greater than the median density. We coded VIS1; as 1 for poor
visibility and 0 otherwise; likewise for VIS3; but for good visibility. Zero wood density
(LWD1;) and average visibility (VIS2;) were the baseline categories and were quantified by
the intercept («). Coding the covariates this way and assigning w terms to each enabled us
to evaluate models where, for example, high wood density has an effect relative to no
wood but low wood density has no effect. We examined model residuals to determine
whether sampling year (2012 vs. 2015) needed to be included as a detectability covariate,
but found no heterogeneity in residuals across years (Supplement A, Fig. A3), and
excluded it from further consideration given it would not be useful for predictions in
other years. To account for potential spatial dependencies caused by factors other than
those explained by fixed effects, we used a random effect for site (j) such that observations

(i) made in channel units at the same site shared a common term (¢;).
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2.4 Simulation analysis

Stochastic simulation provides an opportunity to test the ability of the model to return
robust estimates because they can be compared to true and known parameters. We
designed the simulation analysis to address several questions:

(1) Can the integrated model return unbiased estimates of true detection probability
and abundance for both training data (locations with double sampling) and
prediction data (locations with count and covariate data only)?

(2) Are there benefits to accommodating the uncertainty in mark-recapture sampling, as
measured by performance metrics such as accuracy, precision, and identification of
ideal covariates?

(3) Do the inferences in questions 1 and 2 depend on varying degrees of sample size,
violated assumptions of the binomial count model and mark-recapture model,
quality of mark-recapture data, and unmeasured covariate effects?

(4) Does the variable selection approach we used perform well relative to a hypothetical
case in which the covariates in the true model are known?

To investigate these questions, we developed a series of scenarios intended to isolate the
effect of each factor on the reliability of the estimation model (scenarios and organization
into blocks summarized in Table 2). Scenarios encompassed various combinations of data
availability, data quality, violated assumptions, and effects of unmonitored covariates. We
titted two models to each simulated data set: the integrated model described in Section 2.2
and one identical in all ways except that the maximum likelihood estimate of abundance
from mark-recapture data was used as known abundance with no uncertainty (referred to
as the “external” approach). For each simulation scenario, we obtained 100 replicates of
true states, data sets, and fitted estimates and calculated performance metrics reflecting
accuracy, precision, variable selection, and credible interval coverage. Complete details of
data simulation, model fitting, and calculation of performance metrics are provided in

Supplement A.
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3 Results

3.1 Empirical application

Our analysis of mark-recapture data only strongly favored models M; and M, over the
simplest model My, and favored model M over model M}, by over 20 AWAIC units. Thus,
we used the assumptions of model M; for fitting the integrated model. Averaged across all
observations, capture probabilities were nearly equal between capture periods: posterior
median of 0.41 (0.38 — 0.43; 95% equal-tailed credible interval) for p; and 0.42 (0.40 — 0.44)
for p,. Capture probability varied widely among observations, however, with a range of
posterior medians of 0.02 — 0.89 and 0.03 - 0.83 for p; and p», respectively. We calculated
the Pearson correlation coefficient between p; and p; across observations for each MCMC
iteration and found them to be moderately correlated: 0.56 (0.44 — 0.67), indicating channel
units that had higher-than-average capture probability in the first period were also likely
to have higher-than-average capture probability in the second period as well. The
integrated model fitted the mark-recapture data well, and estimated abundance generally
agreed well with maximum likelihood estimates of abundance (Supplement A; Figure Al).
Across observations, Chinook Salmon abundance averaged 66 fish per channel unit (range
of posterior medians: 2 — 624) and O. mykiss abundance averaged 53 fish per channel unit
(range: 1 -597).

We found strong evidence that snorkel survey detectability varied by species, unit
type, and depth, but that the depth effect was dependent on channel unit type (i.e., pool or
non-pool; Fig. 2). Coefficients associated with these covariates all had parameter inclusion
probabilities of 1, indicating their w terms took on the value of 1 for each MCMC iteration
and suggesting we should have complete confidence that these covariates should be
accounted for when predicting detection probability at new locations within the basin.
The species effect was strongly positive, indicating that Chinook Salmon juveniles were
seen with greater probability than O. mykiss (Fig. 2). Visibility was only important if the

observer determined it was good (VIS3 effect). Poor visibility (VIS1) had a low probability
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of inclusion (0.15) and small effect size, indicating units with this attribute had similar
detection probabilities to those rated as average visibility. The covariates corresponding to
non-zero density of large wood (LWD2 and LWD3) were assigned low parameter
inclusion probabilities, indicating that channel units with these attributes had similar
detectability to units with no large wood at all. The single model with the highest
posterior probability (0.44) included all covariates except both large wood density
covariates and the poor visibility covariate (Supplement A, Table A1 therein).

Model-averaged detection probability response curves (Fig. 3) highlight the patterns
suggested by the coefficient estimates. Most observations for both species occurred in
channel units with no large wood present and average visibility; this limited our ability to
investigate interactions among some habitat characteristics or species. The interaction
between unit type and depth was strong, however, such that increasing depth had a
positive effect on detectability in non-pool units but a negative effect in pool units (Fig. 3).
The estimated standard deviation of site-level random effects was large (1.12; 0.88 — 1.48)
considering they are on the logit-scale. Posterior median detection probability for
observations ranged from 0.11 to 0.84 (mean across observations: 0.38) for Chinook
Salmon and 0.02 to 0.92 (mean: 0.24) for O. mykiss.

3.2 Simulation analysis

Due to the high dimensionality of the simulation results, only two blocks (B and D; Table
2) are displayed herein; complete block-specific results are presented in Supplement A and
displayed in a comparative layout in Supplement B.

In cases where model assumptions were met and data quality was not purposefully
reduced (blocks A, B, and F), both the integrated and external (mark-recapture-derived
abundance assumed to be the true value known without error) approaches returned
nearly unbiased fits to the data and predictions for out-of-sample data. Average median
percent error for abundance and detection probability across replicates was generally less

than 5% (positive or negative) for both modeling approaches and rarely did the median

18



410

411

412

413

414

415

416

417

418

419

420

421

422

423

424

425

426

427

428

429

430

431

432

433

434

435

436

percent error from any replicate exceed 10% positive relative bias. In terms of precision,
the integrated model tended to produce fitted values and out-of-sample predictions closer
to the true values, as evidenced by smaller median absolute percent error values, though
the difference was modest (Fig. 4b). Performance of the variable selection approach was
not perfect in all cases, but was at least as good or better when used in the integrated
model rather than the external method. In particular, the external method incorrectly
assigned high inclusion probabilities to truly unimportant covariates more frequently than
the integrated model (Fig. 4c2). Credible interval coverage was generally better for
detection probability than for abundance, and the integrated model had better coverage
than the external abundance approach in most cases (Fig. 4d). Furthermore, the external
abundance approach tended to over-estimate the standard deviation of site-level random
effects — the integrated model suffered from this issue to a lesser degree (Fig. 4e).

As an example of model sensitivity to violated assumptions, we have included
output summaries of simulation block D where it was possible to mistakenly count the
same individual twice during count surveys. The primary effect of this violated
assumption was to cause positive biases in the estimated and predicted detection
probabilities (Fig. 5a3,a4). Estimation and prediction of abundance was not affected nearly
to the same degree (Fig. 5al,a2); this is because double-counting was possible in all count
surveys, including those with and without mark-recapture sampling (training and
prediction samples, respectively). So although we found the estimates of count survey
detection probability to be positively biased relative to the true value in the presence of
duplicate counts, largely unbiased predictions of abundance can still be obtained so long
as the prevalence of double-counts is the same in prediction samples as in the training

samples.

4 Discussion
We have presented a modeling approach for integrating multiple information sources that

are commonly collected when using a double sampling design to quantify detectability of
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count surveys. When applied to an empirical data set, the model uncovered several useful
and intuitive patterns that demonstrated the effect of local conditions on the detectability
of snorkel surveys. Through simulation trials, we demonstrated the method can return
reasonably accurate and precise out-of-sample predictions. The simulation further
revealed that there are benefits, albeit sometimes modest in magnitude, to accounting for
uncertainty in mark-recapture sampling via the data integration technique, namely in
terms of better selection of important covariates, better credible interval coverage, and
greater accuracy in estimates of random variability. These patterns were consistent across
nearly all scenarios we considered but were most exaggerated for the cases where marked
tish actively avoided recapture (simulation blocks G and H). The only case in which we
found poorer performance of the integrated approach was with mark-recapture data
generated with very low capture/recapture probabilities (simulation block E, scenario 13,
see Supplement A section A2.2.5 for more details). These findings suggest that
investigators using the double sampling approach for quantifying the effects of covariates
on detectability may see improved statistical performance by applying the integrated
model we present (or similar) rather than treating abundance as a known quantity.

The magnitude and direction of estimated coefficients for the empirical data set were
intuitive and for the most part aligned with our expectations. For example, in our
experience with conducting snorkel surveys, O. mykiss are more evasive which makes
them more difficult to see than Chinook Salmon, an observation supported to a limited
extent by other studies (Hankin and Reeves 1988; Hillman et al. 1992). The depth by unit
type interaction is also intuitive, as shallow, fast water, non-pool units have more
turbulence and require more crawling (mask out of water) to progress through the survey;
shallow pools do not suffer from this issue but deeper pools have their own characteristics
that limit detectability. We had expected to identify a negative effect of high large wood
density, but we also had comparatively low replication at high large wood densities which

likely affected our ability to identify an effect. Moreover, another study also found
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important effects of wood density, species, and visibility (Thurow et al. 2006) and their
estimates of detection probability for O. mykiss ranged between 0.15 and 0.2 (depending
on size class), with individual observations ranging from 0 to 0.6 — our analysis estimated
an average of 0.24 and a range of 0.02 to 0.92.

While covariates explained much of the variation in detectability in the empirical
data set, the estimated standard deviation of site-level random effects was large. This
indicates that either some important covariates were not included or the count process
was over-dispersed relative to the binomial process we assumed. Our simulation analyses
illustrated that both cases can cause positive bias in the random variability term but that
the accuracy of predictions was largely unaffected. Over-dispersion and failure to include
all important covariates are common in ecological analyses, and our simulation analyses
suggest that the integrated model showed better performance than the external approach
in these situations. Although the random term was needed to accommodate otherwise
unexplained variability in the empirical data, its magnitude indicates we should expect
low precision in out-of-sample predictions.

There are several important assumptions that, if violated, would affect the reliability
of our model. One especially worthy of note is the assumption of no net change in
abundance between snorkel and mark-recapture sampling. If fish counted during a
snorkel survey were inadvertently pushed out of the channel unit by observers before
block nets were inserted, then the abundance sampled by mark-recapture would be
smaller than that vulnerable to being counted by snorkel survey. This would have the
tendency to produce positive biases in our estimates of detection probability, but we
would not expect it to bias the estimates of covariate effects (which are log odds ratios).
We believe the assumption would need to be violated frequently and severely to render
our estimates unusable. Furthermore, this assumption is not specific to our integration of
abundance and count data into a single model, but rather to the use of the double

sampling design to quantify detectability. To the contrary, we illustrated via simulation
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that in the face of some violated assumptions (e.g., ignoring behavioral effects in
mark-recapture sampling) the integrated model performed better than a non-integrated
method (Supplemental Fig. A10).

We believe this integrated approach is general enough for application to a wide
variety of systems that have similar data (paired count, independent abundance data, and
explanatory covariates). This is true so long as the count process can be reasonably
approximated by a binomial process, as illustrated by our simulation analysis. In our
simulation, the model generated snorkel count data using a binomial sampling process,
yet the counts could have instead been intended to represent counts from spotlight
surveys, aerial surveys, camera traps, or other methods and the conclusions would be
identical.

There are a variety of adaptations that could be made to the model for application to
new use cases. First, the count component is essentially a binomial generalized linear
model, meaning that its complexity can be tailored to available data and research needs.
With suitable survey design, there are many aspects that could be included such as (a)
variability due to year or observer, (b) higher order (e.g., quadratic) terms to accommodate
non-linearity, (c) more interaction terms, or (d) more complex structures for random effects
that better capture spatial autocorrelation. The indicator variable selection approach we
embedded within the model to accommodate model uncertainty is general and can be
altered to perform multi-model inference in more simplistic or complex cases (more
examples of this approach in ecological settings can be found in Coggins et al. 2014;
Dorazio et al. 2011; Gwinn et al. 2019a,b). Second, the mark-recapture likelihood could be
altered to accommodate independent abundance data from more complex designs or
covariates could be used to explain variability in capture probabilities (p; ; and p; ») which
could potentially increase precision of abundance estimates. In addition to our conditional
multinomial likelihood approach, data augmentation (e.g., Royle and Dorazio 2010; Kéry

and Schuab 2012, Ch. 6) is another method for expressing mark-recapture likelihoods that
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may show promise in this context (M. Falcy, personal communication). This would be
particularly true if individual covariates (e.g., fish size) need to be accounted for, as data
augmentation methods model sampling processes on an individual basis. Further, we
believe non-mark-recapture designs for obtaining abundance estimates (e.g., depletion
sampling, catchability-adjusted catch rate data, etc.) could be accommodated by our
approach as well, so long as a sampling distribution can be assigned to the abundance
estimate (or raw data) and an associated measure of statistical (i.e., observational)
uncertainty is available. Finally, addressing particular research questions may necessitate
assigning counts or captured individuals to multiple groups (e.g., size, age, or sex); it is
plausible that the model could be extended to accommodate multinomial count outcomes.
A common goal of many ecological research, monitoring, and evaluation programs
includes understanding and predicting animal abundance and distribution as influenced
by habitat quality, climate change, species interactions, trophic relations, and other factors.
However, the first step in any such program should include robust evaluation of the core
response variable — animal abundance — which often includes assessing heterogeneity in
count survey detectability. Our integrated method should be applicable to most double
sampling designs wherein the investigators wish to estimate covariate effects on
detectability while being explicit about uncertainty in abundance data or estimates. The
modeling approaches presented in this study point towards opportunities for future
research that will help guide studies targeted at quantifying detectability with the

intention of making more robust inferences from count data.
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TABLE 1. Three types of mark-recapture models for the two-sample case with closed
populations. For models My and My, p; 1 and p; » are capture probabilities for all individuals
in each period. For model My, p; » is the probability of first capture in the second period,
and c; » is the probability of recapture. The AWAIC column shows the difference in WAIC
scores between each model and the lowest WAIC model for the Grande Ronde empirical
analysis, which we used to inform which assumption should be made when fitting the
integrated model.

Model Assumptions Description AWAIC
My pi1 = Pi2 Time-constant capture probability 101
M, pi1 7 Pi2 Period-specific capture probability 0
M, pi1 = pi2 # ci» Behavioral response affects recapture probability 22
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TABLE 2. Breakdown of the scenarios used for the simulation analysis. See Supplement A
for a description of how the scenarios were implemented.

Block Description Scenario Training w Over-disp. Double p1, pgb ¢ Assumed Unobserved
Sam- Known  Counts® Count Prob. Model?  Covariates®
ples

Model assumptions met, 1 25

A true model known, vary 2 50 Yes None 0 beta(10,10)  p2 M None
training sample size 3 100
Model assumptions met, 4 25

B true model unknown, vary 5 50 No None 0 beta(10,10)  po M None
training sample size 6 100
Homogenous p; assumption 7 Little

C  violated, vary the amount of 8 100 No Some 0 beta(10,10)  p» M; None
over-dispersion 9 Lots
Single count only 10 0.05

D assumption violated, vary 11 100 No None 0.1 beta(10,10) P2 M; None
the probability a fish is 12 0.2

548 Calls:[g?’llr%eptions met, 13 beta (20, 80)

E vary the quality of 14 100 No None 0 beta(50,50) P2 M; None
mark-recapture data 15 beta(80,20)
Model assumptions met, 16 Little

F vary the contribution of 17 100 No None 0 beta(10,10) P2 M; Some
unobserved covariates 18 Lots
Behavioral recapture 19 p2-0.9

G  response present, but not 20 100 No None 0 beta(10,10) p,-0.7 M None
accounted for 21 p2-0.5
Behavioral recapture 22 0 p2-0.9

H  response present, use WAIC 23 100 No None beta(10,10) po-0.7 Use WAIC None
to determine if it needs 24 0 p2-0.5

2 We used 5 beta Binomial count model to simulate over-dispersed counts of varying degrees by changing the sum of the two beta parameters; none =
1 x 1019, little = 20, some = 10, lots = 5.

b Capture probabilities for each period were sampled from the listed beta distribution for each observation.

¢ Recapture probability for the second period is a function of the capture probability in that period.

4 For block H, WAIC was used to select the best mark-recapture assumptions to make prior to fitting the model with count data.

¢ We used observation-level logit-normal deviates to simulate the effects of unobserved covariates. We varied their standard deviation: none = 0, little
=0.1, some = 0.3, lots = 0.5.
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FIGURE 1. Map of the portion of the Grande Ronde River basin that served as the study
area for the empirical application of the integrated model. Point colors denote the number
of observations made at each site, i.e., the number of replicates for the site-level random

effect.
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FIGURE 3. Response of snorkel survey detection probability to various covariates for
two salmonid species in the empirical analysis. Each panel shows a unique combination
of large wood density (LWD; rows) and snorkeler-determined visibility (VIS; columns)
grouped by species (axes extent equal for all panels). Curves and points display the model-
averaged posterior median fixed-effect relationship and observation-specific detection
probability, respectively, for non-pool and pool units. Grey bands and error bars denote
95% equal-tailed credible intervals.



Simulation Block B: Vary sample size with model uncertainty
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FIGURE 4. Summary of output from block B of the simulation trials, in which all model
assumptions were met and the sample size was varied. Points represent medians across
100 replicate data sets, thick error bars represent the central 50% of outcomes, and thin
error bars represent the central 95% of outcomes. (a) Distribution of median percent errors
(MPE) across replicate data sets for abundance (al and a2) and detection probability (a3
and a4) — dashed line at 0 shows no error. (b) Same layout as (a), except for median absolute
percent errors (MAPE). (c1) Proportion of the simulations in which truly non-zero effects
were assigned probability of inclusion greater than 0.5. (c2) Proportion of the simulations
in which truly zero-valued effects were assigned probability of inclusion less than 0.5. (d)
Distribution of coverage statistics for abundance (d1) and detection (d2) —i.e., the fraction
of 95% credible intervals that contained the true value (reference dashed line at 0.95 shows
optimal coverage). (e) Distribution of estimated standard deviation of site-level random
effects — dashed line shows the true value used to simulate the data. Matching figures for
all simulation blocks are shown in Supplements A and B.
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Simulation Block D: Individuals can be double—counted
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FIGURE 5. Summary of output from block D of the simulation trials in which it was
possible to double-count individuals but the models did not account for it. Scenarios 6,
10, 11, and 12 had probabilities of double counting individuals of 0, 0.05, 0.1, and 0.2,
respectively, and are identical in all other ways. Layout of this figure is identical to Figure
4, consult that figure caption for a description of the various panels.
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