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Abstract

Abundaneceindices (Als) provide information on population abundance and trends over time, while Al
variance (AlM)sprovides information on reliability or quality of the Al. AlV is an important output from
surveys and is commonly used in formal assessments of survey quality, in survey comparison studies,
and in stock assessments. However, uncertainty in AIV estimates is poorly understood and studies on
the precision_and/bias in survey AIV estimates are lacking. Typically, AlV estimates are “design-based”
and are derived from sampling theory under some aspect of randomized samples. Inference on
population density in these cases can be confounded by unaccounted for process errors such as those
due to variable sampling efficiency (g). Here, we simulated fish distribution and surveys to assess the
effect of g and variance in g on design-based estimates of AIV. Simulation results show that the bias and
precision of AIV depends on the mean g and variance in g. We conclude that to fully evaluate the
reliability,of-Al;zboth observation error and variability in g must be accounted for when estimating AIV. A
decrease in meang and an increase in the variance in g results in increased bias and decreased precision
in survey AV estimates. These effects are likely small in surveys with mean g > 1. However, for surveys
where g £ 0.5, these effects can be large. Regardless of the survey type, AlV estimates can be improved

with knowledge of g and variance in g.
Keywords:

additional variance, catchability, design-based estimate, fisheries-independent survey, gear efficiency,

variance of.variance.
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Introduction

One of the-main,goals of scientific fishery-independent surveys (hereafter referred to as surveys) is to
estimate either the absolute or relative index of abundance to provide information about status and
trends of fishupopulations (Hilborn and Walters, 1992; Gunderson, 1993). Surveys belong to a group of
methods that are based on the assumption that repeating the same sampling effort over time will lead
to the observation of the same proportion of the population (Cochran, 1997; Schwarz and Seber, 1999).
Surveys are also important because they provide indicators for establishing the ecological health of
ecosystemsy(Nicholson and Jennings, 2004). Survey-derived abundance indices (Als) and their variances
(AlVs) are usedwin a wide variety of studies such as population dynamics (e.g. Sibly et al., 2005),
ecological precesses (Aydin and Mueter, 2007; Laman et al., 2015), experimental design (e.g. Overholtz
et al., 2006);sstock assessments (e.g. lanelli et al., 2015), and ecological forecasting (e.g. Perry et al.,
2005). The mainyrole of the AlVs is to provide information about the reliability of Als. For example, AlV
have been used to compare sampling designs (e.g. Pennington and Volstad, 1991; Overholtz et al., 2006)
to evaluate survey design (e.g. Cao et al., 2014), to compare different survey tools (Lingen et al., 1998;

Doyle et. al., 2008), to assess improvement in survey methods (e.g. Smith and Gavaris, 1993, Smith and
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Lundy, 2006; von Szalay et al., 2007), to weight different observations and data sources in integrated
analysis and fishery stock assessments (e.g. Conn, 2010, Francis, 2011), or to achieve optimal effort
allocation in stratified trawl surveys (e.g. Harbitz et al., 1998). However, the reliability (i.e. degree of
both accuracy and precision) of AIV estimates have not been formally assessed. Similarly to Al, the AlV is
just an estimate from the sample, and is itself a random variable. Reliability of the AIV estimate thus
depends on the bias and precision of the AIV estimate. However, to date, studies on the reliability of
AlV in fisheryssurveys are generally lacking, except for a few studies on the accuracy of confidence
intervals (Cls)sof-Als (e.g. Cadigan, 2011; Schnute and Haigh, 2003; Hoyle and Cameron, 2003) which
indicated that inaccuracy in Cl estimations are usually associated with small sample sizes or heavily
skewed survey catch data. Additionally, Cadigan (2011) showed that Cl accuracy can depend on

estimation method and choice of catch model used.

The most common approach to obtain estimates of Al and AlV from fishery-independent surveys is by
using design-based methods (e.g. Smith, 1990; Folmer and Pennington, 2000; Petitgas, 2001). Survey
sampling designs,range from simple to complex (e.g. Cochran, 1977; Lumley, 2004), and can have
correspondingly simple and complex formulas for estimating Al and AIV (e.g. Strand, 2017). A common
attribute of desigh-based estimators is the assumption that sampling efficiency (g, often also referred to
as survey gear.catchability) is constant across time and space (Chen et al., 2004). Sampling efficiency is
defined here”as the ratio of the survey estimate of abundance to the true abundance (e.g. Godg, 1994,
Chen et al.,, 2004) at each sampling location. The assumption of constant g has been shown to be
violated in numerous studies using survey gears (e.g. Aglen et al., 1999; Somerton et al., 2007; Kotwicki
et al., 2005),.which is known to cause variance estimates derived from samples alone to represent only a
part of the ‘tetalsvariance of the estimate of abundance (e.g. Maunder and Punt, 2004; Hjelvik et al.,
2002; Cadigan, 2011). However, despite this knowledge, the effect of a violation of the assumption of
constant g on the design-based AlV estimates is poorly understood and often ignored across numerous

studies and'in fishery management applications.

Taking into 'éonsideration the wide use of the AlV estimates in fisheries science and management, it is
importantsto understand the implications of using unreliable AIV estimates and factors affecting
uncertainty in AlVaestimates. Therefore, the main goal of this study was to evaluate the effect of varying
g on precision and bias of design-based survey estimates of AlV because, in addition to the well-known
effects of sample size and spatial distribution on AIV estimates, the g value likely influences the

uncertainty in AlV estimates (e.g. Pennington and Godg, 1995; Maunder and Punt, 2004). Variation in g
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has been observed to have a random component (e.g. Munro and Somerton, 2001; 2002), be depth-
dependent (Benoit and Swain, 2003), environmentally driven (Somerton et al., 2013), or density-
dependent (Kotwicki et al., 2014). The issue of environmentally driven g has been dealt with in the past
using Al standardization methods (Maunder and Punt, 2004). On the other hand, the effects of random
variation in"g_on AIV estimates have not been studied to date and studies of the effects of density-
dependent'g are very limited (e.g. Kotwicki et al., 2014). Density-dependent g deserves special
considerationsbecause it can result in hyperstability of Al (i.e. Al detects changes in the population
abundance thatware smaller than actual changes in the population abundance; Hilborn and Walters,
1992), which'in turn can result in underestimated AIV (Kotwicki et al., 2014) and give a false perception

of high reliability of the hyperstable index of abundance.

In the first part of this study, we attempt to answer the following questions: i. Does the variance in g
propagate to the observed design-based AIV estimates from surveys?, ii. What is the expected relative
bias in design-based AlV estimates due to variation in g?, iii. What is the impact of variation in g on
precision in design-based AlV estimates?, and iv. What is the effect of density-dependent g on bias and
precision offdesign-based AlV estimates? To provide answers to these questions, we simulated realistic
spatial distributions of walleye pollock (Gadus chalcogrammus, Gadidae; hereafter referred to as
pollock) observed in the eastern Bering Sea (EBS) during bottom surveys. Given a spatial map of
simulated._pollock densities (assumed as the “true” species distribution — the quotes are used here and
thereafter because our inference is based on simulated data assumed to be “true”), we sampled this
map to mimic surveys. We used this framework to vary the mean g and the amount of process error
around g atgeach station and examined how this influenced the bias and precision of Al and AIV

estimates.

In the second part of this study, we provide a review of the implications of our findings on the use of AlV
estimatesgin.fisheries science and management. Our study shows a possible strategy to estimate the
accuracy and precision of AlV in presence of variable g and potential effects of variability in g on AIV
estimates. This“knowledge should help survey and stock assessment scientists and other fisheries
researchers'to make better informed decisions in applications of AlV estimates in fisheries science and

management.
Methods

Bottom trawl survey data

This article is protected by copyright. All rights reserved



142
143
144
145
146
147
148
149
150

151

152
153
154
155
156

157

158

159
160
161
162
163
164
165
166
167
168
169
170
171

The Alaska Fisheries Science Center has been conducting annual surveys in the eastern Bering Sea
between June and July since 1982 over a fixed set of approximately 376 stations (using stratified
systematic survey design) and has used the same standard trawl (83-112 eastern otter trawl) during all
years. Surveys start in the south-eastern corner of the survey area and proceeded westward. Tow
duration is ‘approximately 30 min at 1.54 m-s™! (3 knots) (see Stauffer [2004] for detail about survey
protocol). The catch per unit effort (CPUE) is estimated using the area-swept method (e.g. Alverson and
Pereyra, ©1969)swhich determines the area-swept by multiplying the distance fished, as indicated by
bottom contact=sensor (Somerton and Weinberg, 2001), by the average distance between wing tips

measured using acoustic spread sensors (see Weinberg and Kotwicki, 2008 for details).
General outline'of the simulation approach

To examine™the"effect of variable sampling efficiency on the design-based estimates of AlV and Al, we
first generated"a'map of simulated pollock distribution. This map was created by fitting spatio-temporal
models to real EBS pollock data from 2005 to 2014 then drawing values from the distribution of
predicted values. Once the simulated map was created, we then mimicked survey sampling procedure

to generate simulated survey data and to finally estimate Al and AlV.
Simulating'pellock distributions
Step 1: fitting'a'spatio-temporal model to the EBS pollock data

A spatio-temporal model that accounts for both environmental covariates and spatio-temporal
dependencygintcatch was fit to the EBS pollock data from 2005 to 2014. The model followed the
approach ofWard et al. (2015) or Ono et al. (2016) in which the analysis combined two models: one that
tracked pollock occurrence and the other which tracked the density (in CPUE units) for tows where
pollock were observed (see Supplementary Material). Fishing depth, surface, and bottom temperature,
as well as sediment size, were included as covariates. Sediment size was estimated and interpolated at
each station from/historical data from grabs and dredges (Smith and McConnaughey, 1999). Sediment
data were expressed in units of “phi” (negative log, of the diameter in mm), where higher values
correspondnto smaller particle sizes (Wentworth, 1922). All covariates were modeled up to their
quadratic terms in their original scale except for the depth variable that was log transformed first (in
order to model a right skewed effect on the response variable). This choice was based on plots of raw
CPUE data against each covariate (Zuur et al.,, 2010). Spatial and temporal dependency were also

included through the use of Matern covariance function and a first-order autoregressive process (AR1),
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respectively. Pollock occurrence was modeled using a binomial distribution with logit link and pollock
CPUE was modeled using a Gaussian distribution with log link. All models were implemented using the R

package R-INLA (Lindgren et al., 2011; Lindgren and Rue, 2015; Martins et al., 2013)
Step 2: Generating map of simulated pollock distribution

Annual maps of /pollock distribution within the survey region were generated by calculating the
predictedspoellocksdensity (product of predicted pollock occurrence and CPUE conditional on presence)
on a nominalsl=km-grid (Fig. 1). These predictions were based on a single but random Markov chain
Monte Carlo (MCMC) draw from the joint posterior distribution of the parameters (instead of the
parameters’ mean value) in order to account for uncertainty in parameter estimates and to create a
patchier species distribution that is more reflective of “true” distribution as compared to the mean
MCMC prediction."All environmental covariate values at the grid locations were kriged (ordinary kriging)
based on semi=variogram model that best fitted the observed data for mapping purposes (see
Supplementary Material). This was done through the function autofitVariogram in the R package
automap (Hiemstra et al., 2009). All data were first converted into an Albers projection in order to

preserve distances.
Survey simulations

One thousand'surveys were simulated over modeled pollock distributions (we refer to it as the “true”
distribution for the rest of the study) for each combination of year (n=10), average sampling efficiency (g
; n=12), and variance in sampling efficiency V(q) (n=9; Table 1). This resulted in 1080 combinations
which meant 1,080,000 simulated data sets of annual survey. We considered values of g > 1 to address
possibility of fish herding into the path of the trawl by the trawl doors or bridles (Somerton et al., 2007).
To eliminate\the effect of sample size on comparisons of AIV and Al estimates across varying values of g,
each simulated-survey data set consisted of a constant 376 sampled survey stations assuming simple
random (SR) station allocation. The assumption of SR allocation was chosen to simplify interpretation of
results eventhough the pollock data that were used for the simulation comes from a stratified survey. In
survey simulations, we followed the often-postulated survey catch process that us; = q5;4;, where ug; is
the catch per unitieffort at station i, during survey s and A; is the “true” fish density at the station i (e.g.
Schnute, 1994; Chen et al., 2004). For each simulated annual survey, us; was calculated using the 4;

value from the simulated pollock distribution and randomly drawing qs; from a gamma distribution with
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mean g and variance V(g). The index of abundance for each annual survey was then estimated by

obtaining the mean CPUE (u_s) from all 376 survey stations.

Additionally, 1000 surveys were simulated for 5 values of density-dependent efficiency parameter (a) for
all combinations=of year and random V(q) (Table 1), but assuming a g = 1, resulting in an additional
450,000 anhual survey simulations. Density-dependent sampling efficiency was modelled using the

formula from Kotwicki et al. (2013):

11
Usi = (qs,iAi t 5) !

where A, is the true density at location i and g; is the sampling efficiency drawn from a gamma
distribution \with mean g and variance V(g). The parameter a represents density dependence of g. When
fish densitiesareimuch lower than a, the term 1/a becomes negligible. With increased fish density, a
becomes morerinfluential, resulting in reduced sampling efficiency. For example, at fish density equal to
the value of a, sampling efficiency will be approximately half of the efficiency at the lowest densities

(Kotwicki at al., 2013).
Sample variance'was estimated for each simulated annual survey using the following formula:

(s — u)’

n 7

a5

where o, is the sample standard deviation of survey s, n in the number of samples in the survey (i.e.

376), us,; is the CPUE of the it" sample from survey s, and u_s is the mean over the 376 survey sample.

As discussedinsthe Introduction, sample variance may not be an adequate approximation of the true
variance of (Al because of the effect of variable g. True variance of Al from real surveys is impossible to
obtain because it would require conducting multiple surveys over the same population of fish. However,
in the simulation framework, we were able to conduct multiple surveys over the same distribution to
obtain “true” variance estimates under different scenarios. We defined “true” variance around the

annual index efiabundance (given a scenario) as:
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where ot is a “true” standard deviation of the survey index of abundance, N is the number of simulated
surveys (i.e. 1000), and u_T is the “true” mean fish density estimated from simulated density maps,

assuming constant g=1. ur is the same for all survey simulations within the same year.
Impact of variable'sampling efficiency on abundance indices

The effect ofivariation in survey sampling efficiency on the estimate of Al (u_s) was shown by producing
box-and-whisker plots of Al relative errors (i.e. (u_s - u_T)/u_T ) based on the 1000 survey simulations for
each value of simulated g and V(q) presented in multi-panel plots. Box-and-whisker plots were also
applied to illustrate the effects of V(q) on survey coefficient of variation (CV) derived from the formula
Gg/u_s. Other variables presented on box-and-whisker multi-panel plots included relative errors in o
estimates (i.e. (05 — a7) /o7, where and a7is the mean over the 1000 simulated survey d;), and CVs of
o (i.e. standard deviation(os) / mean(o;). Finally, Box-and-whisker plots arranged in multi-panel plots
were used togillustrate the relationship between survey Al and density-dependent efficiency and

between survey.CVs and density-dependent efficiency.
Results

Results indicate that random variability in g can bias an AIV estimate and reduce its precision. The
degree of_this effect depends on both the mean and variance of q. We present the result from one
representative year because the results were similar across years. Results are presented for each year

separately in the Supplementary Materials.
Random variation\in sampling efficiency

The relationship between Al relative errors, g, and V(q) indicates that distribution of u_s may be highly
skewed to low values indicating that u_s will likely to be biased low (i.e. unbiased mean, but biased
median) in the presence of low but variable g (Fig. 2). For example, for g = 0.05 and V(q) = 0.2 the
median relative error was equal to -0.5. This bias increased with the decrease of g and increase in V(q).

However, for g=>0.4, median relative errors were close to 0 indicating unbiased estimates of Al.

The relationship ‘between survey CV (i.e. ag/u_s), g and V(q) shows that survey CV depends on
underlying spatial fish distribution and both g and V(q). In Figure 3, for example, in case of a near
constant g (top left), the survey CV of 0.2 can be attributed to the spatial distribution of the fish. In other

panels in Figure 3, it is apparent that survey CV increases with a decrease of G and increase of V(q). This
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result indicates that design-based estimates of g capture some variability in the g (i.e. g5 is not

independent of V(q)). Survey CVs were high (> 0.3) for surveys which had low but highly variable g.

The relationship between relative error in g, (i.e. (6s— or)/ar ), q, and V(q) shows that estimates of g,
are biasedslowsin‘surveys where g is low and V(q) is high (Fig. 4). This result indicates that although
estimates of g capture some variability in g as it was shown on Figure 3, the “true” variance of the Al is
still underestimated by g, especially in surveys where q is low and V(q) is high. For example, design-
based estimates of o from surveys with g = 0.1 and V(q) = 0.2 were underestimated by approximately

40%, but when g=> 0.6, median bias in oswas close to zero.

The relationshipsbetween CV of g, g and V(q) shows that the precision of o estimates increases with
an increase of‘g and decrease of V(q)(Fig. 5). Moreover, results also show that there are 2 components
of g variation. The first component is inherently associated with the “true” fish distribution
(represented by blue line on Fig. 5) and second component is associated with g and V(q). The first
component'varied between 0.1 and 0.2 between years (see supplementary materials). The influence of
variable g onsthesestimate of o was stronger than on the relative error in u_s indicating that survey
estimates of'‘@sare more sensitive to the variation in g than the u_s estimates (Fig. 2 vs. 3). For example,
for surveyswith g = 0.5 and V(q) = 0.4, CV of g5 was double of what it would’ve been under constant q

, but u_s wasrclose to unbiased.
Density-dependent sampling efficiency

The relationshiptbetween u_s , CV, density-dependent effects, and V(q) when g =1, shows a strong
negative biastinsthe survey Al (Fig. 6) and survey CV (Fig. 7). Density-dependent effects result in similar
bias across’ all values of V(q). The effect of V(q) was limited to increased uncertainty in the CV

estimates apnd was much smaller that the density-dependent effects.
Discussion
General conclusions from the simulation study

The findings of our study indicate that information about sampling efficiency is necessary to assess the
reliability of AIV and Al from fishery surveys because variation in g can affect both of these estimates.
Although the results of lower precision in Al in response to the V(q) seem evident (Fig. 2), the results of

effect of the V(g) on AIV are not. To the contrary, despite a clear evidence that the variability in g is a
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common feature of majority of surveys (e.g. Aglen et al, 1999; Somerton et al., 2007; Kotwicki et al.,
2005) the effects of V(g) on AlV estimates are very poorly understood. This situation leads, as discussed
in the Introduction, to wide usage of AlV estimates in fisheries science and management with or without
limited consideration for their bias and precision. Our results provide answers to the 4 questions posed
in the Introduction. First, it is apparent that the V(g) only partially propagates to the observed AlV (i.e.
o4%) estimates from surveys (Figs. 3 and 4) indicating that, in the presence of variable g, it is impossible
to obtainmunbiased AIV estimate from samples alone. Second, expected relative bias in 052 estimates
due to V(g) can=be approximately estimated, as presented here, using knowledge of the V(g) and
simulated fish density distributions (Fig. 4). Third, the precision in AIV estimates depends on both
underlying species’ spatial distribution and V(q) (Figure S7, Fig. 5), and unfortunately, it cannot be
estimated from the observations; however, it can be approximated using simulations. Fourth, density-
dependent g has'a strong effect on bias and precision of both AlV and Al, and it needs to be corrected
for to obtain reliable estimates of AIV and Al. The correction for density-dependent g can be derived
from auxiliary information about g (e.g. using different types of surveys conducted simultaneously;

Kotwicki et al., 2014)

Our findings also show that when the assumption of a constant q is met, design-based estimates of AlV
and Al are Unbiased regardless of the value of q. However, after reviewing many studies of g (e.g.
Somertonset al., 2013; Fraser et al., 2007; Kotwicki and Weinberg, 2005; Kotwicki et al., 2005; Munro
and Somerton, 2001), and many others cited within this manuscript), we conclude that in reality this
condition is likely never met and V(q) is always > 0, which leads to potential bias in design-based
estimates of/AlVand Al. The degree of these problems depends on the g and its variability. It appears
that for surveysswith g = 1, variation in g has only a small effect on the bias and precision of design-
based estimates. However, for surveys with low g (g < 0.5), this effect can be substantial and could
result in imprecise and biased design-based estimates of AIV and Al. Additionally, our results also
indicate that for small g , V(q) can cause the error distribution in Al to be skewed low (Fig. 2). Because
indices of abundance are usually used as time series, this may lead to negative bias in predictions of the

majority of theestimates within time series.
Implications for using AlV estimates in fisheries science and management

Prevalence of random variation in q.
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To assess the potential impact of § and V(g) on results from specific surveys, it is necessary to know
their values. Although estimating these values is believed to be very complex and difficult (e.g.
Somerton et al., 2007), numerous studies have done so. Values of g have been shown to vary widely
among different survey gear types and species. For example, Fraser et al. (2007) and Kotwicki et al.
(2005) estimated g for a large number of demersal species at different length categories, which ranged
from 0.01 to.close to 1. Low values of g are often observed for certain sizes of animals for which survey
gear hasipoomselectivity. For example, bottom trawls have been found to have low values of g for small
sizes of demersalsfauna in the Arctic, while beam trawls have low g for larger animals as indicated by
selectivity ratio (Kotwicki et al. 2017). Estimates of g > 1 imply that the survey catches considerably
more fish than would be predicted to be in the path of the tow. For example: catchability > 1 was
estimated for/haddock in the North Sea and Ling in New Zealand (Harley and Myers 2001) and for
species of flatfish'from Alaska (Somerton et al., 2007). These high catchability values can be explained by
fish being herded into the path of the trawl from the area beyond the net’s wing tips (Dickson, 1993).
Another example when @ > 1 is seen with fish density estimates from combined acoustic and bottom
trawl surveys (Kotwicki et al., 2018), where part of the water column is enumerated by acoustic gear and
the other partiby bottom trawl. It was shown that the combined estimate from these two techniques
can haverg=>=I=due to the existence of an overlap zone sampled by both techniques. On the other hand,
midwater trawl.surveys for krill have been shown to have a very small g between 0.003 and 0.06

(Kasatkina, 1991).

Although existing literature rarely reports on the value of V(q), data presented in these studies show
that V(g) can™also vary widely between survey gears and species. Some authors report standard
deviations ofuthe g estimates. For example, Somerton et al. (2007) reported mean flatfish herding
efficiency to be about 0.2 with a standard deviation of the mean ranging between 0.04 and 0.16.
Assuming a sample size of 50, this would correspond to a V(g) in the range of 0.01 to 1.3. Kotwicki et al.
(2015) estimated g for pollock acoustic and bottom trawl surveys. For bottom trawl, ¢ = 0.9 with V(q) =
0.2 and for acoustic survey, g = 0.3 with V(g) = 0.4. Variances for midwater trawl g for krill, estimated
from the standard deviations of the g (ranging from 0.01 — 0.30) assuming sample size of 50, would
correspondite,a V(qg) ranging from 0.005 to 4.5 (Kasatkina, 1991). Mackinson et al. (2005) estimated g of
the dredge used in the sandeel surveys to be in the range of 0.02 — 0.1 with V(q) ranging from 0.004 to
0.21. Because of small values of g in combination with relatively large V(g) in their experiment, we

conclude that design-based variance estimates for the sandeel dredge survey are likely to be grossly
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underestimated (Fig. 5). Given the importance of V(g) on AlV and Al estimates, we advocate that future

studies of survey gear efficiency should report V(g) alongside the g.
Prevalence of density-dependent q

In the case of density-dependent g, estimates of AIV and Al may be significantly biased (Fig. 6) and they
may appear.overly precise (Fig. 7). This is troublesome because density-dependent g has been observed
in a numbemof:fishery surveys. Godg et al. (1999) found that g for Atlantic cod (Gadus morhua) and
haddock (Melanegrammus aeglefinus) increased with fish density, while others found g decreased with
fish density for capelin (Mallotus villosus; O’Driscoll et al., 2002), Atlantic croakers (Micropogonias
undulatus), white perch (Morone americana; Hoffman et al.,, 2009), walleye pollock (Gadus
chalcogrammus; Kotwicki et al., 2014), and Atlantic cod (Ono et al., 2018). Kotwicki et al. (2014) showed
that density-dependent g can lead to a hyperstable index of abundance, which in turn can cause bias in
stock assessment outcomes. Stock assessments based on a hyperstable index may fail to track
population (changes, which could potentially lead to overfishing (e.g. Hutchings, 1996; Walters and
Maguire, 1996; Erisman et al., 2011). Moreover, the AlV of a hyperstable and density-dependent Al is
likely to belunderestimated (Kotwicki et al., 2014) leading to overweighting the influence of this index
relative tosotherssources of information within the stock assessment model. Our results indicate that
density-dependent g deserves special attention as it can lead to a large underestimation of AlV. Effects
of density-dependent g are much larger compared to the effects of random variability in g, and if they
exist, they need to be corrected for to avoid biases in stock assessments. The procedure to correct Al
estimates for density-dependence has been proposed in Kotwicki et al. (2014), where they used near-
bottom acoustic backscatter to derive a correction function for bottom trawl survey density estimates.
They also reported that the AlIV corrected for density-dependence was on average 55% higher than the
AlV of not ‘corrected index supporting results presented in this study. The causes of the density-
dependentigrarespoorly understood and warrant further investigation. However, limited observations by
O’Driscol et al. (2002), Hoffman et al. (2009), and Kotwicki et al. (2014) indicate that g may be affected
by gear avoidance behavior or trawl saturation. Gear saturation has been also known to affect the CPUE
of gear such'as pots or traps (Bacheler et al., 2013), longlines (Rodgveller et al., 2011), and gillnets (Li et
al.,, 2011), indicating that density-dependent effects should be considered when obtaining Als from
surveys using these gears. The prevalence of density-dependent effects on g in fishery surveys
worldwide is unknown, but given the results of existing studies, we conclude that it may be common

and should be considered in future for all fishery surveys and stock assessments.
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Sampling design considerations for AlV estimation

Survey sampling design requires a finite population of unique and identifiable sampling units (e.g.
location swept by trawl gear) for which a number (or weight) of animals is observed and a sampling plan
is used that assigns a known probability of selection to the sampling units (Smith, 1990). It is preferable
that the sampling units are independent and identically distributed, but it is not required as sampling
designs that'accountfor spatial correlation in animal distributions also exist (Petitgas, 2001; Thorson et
al., 2015). However, in reality, the conditions required to obtain unbiased and precise estimates of AlV
(i.e. constant,g).are rarely met and it is impossible to assess reliability of these estimates based on
samples alone. This is because sample value depends on two random variables: true fish abundance and
g. Without Knowledge of g and V(qg), it is impossible to reconcile the effect of these random variables on

sample statistics.

Our results indicate that the reliability of Al derived from a fish survey cannot be assessed by the design-
based variance estimate alone; but it also needs to take into account variability in q. This is not currently
a common practice and analyses of data from fishery-independent surveys are usually confined to the
estimation lof Al and associated design-based AIV (e.g. Cochran, 1977; Smith, 1990; NPFMC, 2017).
These estimatessare commonly used in fishery stock assessment models, where Als are used to predict
population trendsi(e.g. Collie and Sissenwine, 1983; Gavaris, 1988), while AlVs are assumed to measure
the quality“of“each Al relative to other Als and are used as weights in the models (e.g. lanelli et al.,
2014). Improvements to survey methodology or design-based methods to obtain abundance estimates
are often judged exclusively by their ability to reduce design-based AlV estimates (e.g. Smith and
Gavaris, 1993; von Szalay, 2003; Pennington et al., 2002). We consider these approaches risky because

they ignore the possible effects of the g and V(qg) on the reliability of the AlV estimates.

The problem of underestimating AlV in presence of variable g has been previously acknowledged. For
example, Pennington and Godg (1995) estimated that true AIV was approximately twice as large as the
AlV estimate based on samples alone. A similar increase in AlV was shown when accounting for diurnal
variation in the gifor few species caught in the bottom trawl surveys in the Barents Sea (Hjellvik et al.,
2002). In"fisheries stock assessment models, several approaches have been used to account for this
unknown level of additional AIV. One frequently used method is to model AlV = 03 + alzldd, where ag is

design-based sampling variance and 6244 is an additional variance, which arises from variable survey

catchability (Punt and Butterworth, 2003; Maunder and Punt, 2004). Alternatively, AlV and Al can be
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estimated using a statistical model-based approach by modelling catch process (e.g. Cadigan, 2011;
Chen et al., 2004) or spatio-temporal modelling (e.g. Shelton et al., 2014; Thorson et al. 2015), which
have become the standards used in certain parts of the world (e.g., the US West Coast). Both of these
approaches have been shown to produce more precise estimates of population abundance and an
improvement in variance estimation (Cadigan, 2011, Thorson et al., 2015). However, it remains
unknown whether the variability in g affects these types of model-based estimates of AlV in a similar
manner as the:design-based approach because similar to design-based estimation, the majority of the

model-basediestimations use CPUE data exclusively and ignore existing knowledge about g.
Implications

In this study, we showed that the bias and precision of AIV can be approximated through simulations
when the g'andvariation in g are known. Many studies have been performed to estimate g of a survey
gear and predictions of g from these studies have been often useful (Somerton et al. 1999). However,
the majority of them did not make use of estimates of V(g). In cases where the posterior distribution of
g can be obtained, it can be used to propagate V(g) into estimates of AlV and Al (e.g. Kotwicki et al.,
2014). Such studies can be performed on existing data from past experiments used to predict g. We
advocatesthatssuch studies should be undertaken especially for species for which g is estimated to be

low and V(q) is high as these are likely to affect AIV and Al the most.

In fisheries stock assessments, estimates of AlV are often used as a measure of precision of the survey
abundance ‘estimates (e.g. lanelli et al., 2014), assuming that the Al accuracy (or bias) remains constant
over time. Poténtial sources of bias in Als can result from multiple processes affecting g such as gear
type, fish behavior, and sampling methodology. When Al is biased but g is constant, survey Al estimates
can still be useful as they track temporal trends in abundance (Pennington and Stremme, 1998). Als can
be particularly informative if they cover long periods of time (Rose et al., 2000). However, when g
changes over time, it can cause additional variation in the observed abundance trends, which is not fully
reflected in the AIV estimate derived from samples (Kotwicki et al., 2014). In such cases, AlV depends
not only on thesunderlying population structure and distribution, but also on the variability in g, which
must be ‘aceounted for to fully evaluate the reliability of an abundance estimate (e.g., Pennington and

Godg, 1995; Punt and Butterworth, 2003; Maunder and Punt, 2004).

Modern fisheries stock assessment models use multiple sources of information within the framework of

integrated analysis (Fournier et al., 1998; Maunder and Punt, 2013). Data weighting is an important part
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of integrated analysis (Breen et al., 2003; Hulson et al., 2008; Francis, 2011) because the outcomes and
the uncertainty of outcomes drawn from the application of integrated models can be strongly
influenced by the choice of weightings (Deriso et al., 2007). Weightings in stock assessment models are
represented by variance estimates for the corresponding data; however, the estimation of these
weightings can_be challenging (Francis, 2011; Maunder and Punt, 2013). These challenges often arise
from incorrect variance estimates or from model misspecifications (Maunder and Piner, 2015). The most
commongappreach to weighting the Al from surveys is to use design-based AlV estimate (i.e. observation
error) as a measure of the uncertainty (e.g. Method and Wetzel, 2013; Maunder and Piner, 2015). Our
results indicate that in the presence of variable g, this approach may result in overweighting of the Al
influence in stock assessment models. To compensate for this, it is best to estimate AlV by accounting
for V(q) as shown/in this study. However, it needs to be done with care as survey inputs such as indices
of recruitmeént,"population age structure, and spatial distribution can also depend on V(q). Therefore,
including a corrected AlV estimate for Al alone can cause overweighting of other inputs, some for which
variance estimates have not been corrected. It was noted previously that down-weighting Al from
surveys because of concerns about catchability may have the undesired effect of down-weighting
perhaps the most valuable data in a stock assessment model (the abundance trend) in lieu of overfitting

compositionaldata (Francis, 2011).

The information on population abundance and trends in abundance over time provided by Al is also
important for studies other than stock assessments. In these studies, Al is used usually as a relative or
absolute measure of population size and AlV is typically used in the form of CV to assess quality of the Al
estimate. Forsexample: Overholtz et al., (2006) used Al CVs to compare sampling designs between 3
acoustic surveys«Von Szalay et al. (2007) used survey AlV estimates to determine if the information
from additional acoustic sampling can improve bottom trawl survey Al estimates. Survey stratification
(e.g. Smith and Gavaris, 1993) and sample allocations (e.g. Smith and Lundy, 2006; Harbitz et al., 1998;
Smith et al.,2011) are also usually based on AIV estimates without consideration for V(q). Coefficients of
variation derived from AIV are often used to compare reliability of Al estimates derived from surveys
using different.todls or sampling designs (Pennington and Volstad, 1991). For example, Lingen et al.
(1998) usediCV to compare different survey tools for assessing abundance and distribution of fish eggs.
Doyle et. al. (2008) used CVs to compare four types of sampling gear used to collect shovelnose
sturgeon. Other examples are numerous (e.g. Dressel, 2005; Dissanayake and Stefansson, 2010) as using
CV estimates from observations to assess quality of surveys appears to be a standard among survey

scientists. Unfortunately, these assessments are usually performed without regard for accuracy or
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precision of AlV estimates. We argue that, as with all other statistics, accuracy and precision of AlV
needs to be taken into account when CVs or other precision measures are used for comparisons
between survey gears and modeling methods. To illustrate the danger of using CV estimates derived
from observations alone as a means to choose appropriate survey method, we refer to Figure 7 where it
is apparent'that for surveys with strong density-dependent g, CV will likely be lower in comparison to
the CV from surveys that may have higher variability in g but are not density-dependent. In such a case,
using the:CVsawillzlead to an incorrect choice of survey method with density-dependent g. Similarly, an
incorrect choieemmay also occur when two surveys are not density-dependent but the difference

between CVs is just a matter of chance.

Our results/indicate that AlV estimates can be highly imprecise (Fig. 5) and should not be used ad hoc
without scrutiny. Relationship between the CV of Al standard deviation and the V(g) presented in Figure
5 shows that there are clearly 2 components of the variance in the AIV. The first component is inherent
to sampling design and underlying fish distribution and does not depend on variations in g. The second
component contributes additional variance to AlIV. This additional variance increases with a decrease in
g and increase in'V(q). Because q is likely variable in all fisheries surveys, it is safe to conclude that AlV
derived from samples alone is always an underestimate of the total AIV. The degree of this
underestimation depends on the underlying distribution of q. In addition, the precision of the AIV
estimate_can’be very low resulting in high uncertainty when AlV estimates are used to compare survey
and modelling methods. Ignoring this uncertainty can lead to the choice of a less reliable method just
because the single AlV estimate for that method, by chance, happened to be lower when compared to
more reliable®methods. In stock assessment models, weights assigned to each Al may be spurious
because thewunderlying uncertainty in the AIV is unknown. This can also lead to overestimating the
reliability of survey abundance estimates in process studies (e.g. survey comparisons, ecosystem
modeling, spatial dynamics studies) and fishery management decisions. In process studies, survey CVs
are often used as a measure of the reliability of abundance estimates (e.g. Jakobsen et al., 1997;
Francis, 1984; Overholtz et al., 2006), which in the presence of multiple sources of information, can lead
to the wrong choite of data source used in research. Similarly, management decisions are often based
on the meost. important piece of information available. Surveys with lowest sample CVs are often
perceived as the best (e.g. Pennington and Volstad,. 1991); however, if CV is biased low due to low or
variable g, it can lead to an erroneous choice of “best” survey. For example, a survey that does not
sample a significant part of a contagious population can result in low Als with very low AlVs, despite the

true population being much larger.
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Merit of Al and AIV estimates is highly dependent on bias and precision of these two statistics. The
precision of an Al should be reflected in the estimate of the AIV given that AlV is adequately precise.
However, in fishery science there is a general lack of studies on the precision of AIV estimates. This is
surprising given the use of AlV estimates across wide range of studies in fisheries. Our study represents
a first look at the effects of the underestimation of AlV uncertainty; however, more studies are needed
to understand the impact of this underestimation. The variance of variance problems have been
undertakenginsstatistics (e.g. Cho et al., 2005) as well as in applied studies other than fisheries (e.g.
Dieters et aly»1995), and the common use of AIV in fishery science warrants a closer look into the

uncertainty/of these estimates.
Future directions and challenges

This study concentrated on the effects of the variation in g defined as sampling efficiency or gear
catchability™Mowever, there are other sources of uncertainty that could also affect reliability of the AlV
estimates. (These include the other two components of survey catchability: vertical and spatial
availability (Edwards, 1968; Harley and Myers, 2001). The effects of variation in vertical availability (e.g.
Kotwicki et al.,'2015) in AlV would be similar to the effects of sampling efficiency presented in this study.
This is becausesvertical availability can be considered to be part of spatial variation in g when fish
density at a tow site is based on the whole water column and not just the water volume swept by the
trawl. The effect'of the variation in spatial availability on the AIV have not been considered in our study.
However, it is important to acknowledge that they should not be ignored for many surveyed species. For
example, in"the Bering Sea there is evidence that some groundfish change their spatial distribution in
response to environmental variability, density-dependent effects, and ontogeny (Nichol 1998; Kotwicki
& Lauth 2013; Thorson et al. 2016). If these changes occur within the surveyed area, the derived Al can
provide accurate information about trends in population abundance over time. However, when spatial
distribution changes occur across survey boundaries and the entire population is not available to the
survey, the trend in population abundance estimates is confounded by changes in the proportion of the
stocks enumerated. Similarly to variation in sampling efficiency, ignoring variation in survey spatial
availabilitys€an lead to underestimates of AlV estimates for affected species as well as biased trends in

abundance indices;(Thorson et al. 2013).

We are not aware of any studies that attempt to account for variation in spatial availability in the
estimation of AIV. This task will likely be more challenging than accounting for sampling efficiency or

vertical availability. Studies on variation in spatial distribution of species outside the surveyed areas are
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generally lacking because of the absence of data from unsurveyed areas. In some instances, data from
the area outside the survey exists. This includes data from surveys performed by neighboring states and
countries, or data from research studies conducted outside survey areas. The major difficulties with
using the data from areas outside standard surveys come from differences in methodology used for
collecting samples. To reconcile these differences, challenging and costly intercalibration studies are
needed (e.g. Smith, 2002). The importance of such intercalibration has recently been increasing due to
climate changesand associated shifts in the distribution of species, which often occur across survey
boundaries J(e:g=Kotwicki and Lauth, 2013; Thorson et al. 2016). More studies are needed to develop

methods that can'determine the impacts of these movements on AlV and Al estimates.

Our approach to abtain “true” variance estimates using simulation has some shortcomings which could
be addressed in"future studies. First, the simulated spatial distributions, assumed to be “true”, were
done based on the existing survey data which could have been affected by g. Therefore, it is possible
that the “true”svariance estimates were biased because the true fish spatial distribution is unknown.
However, we,believe that these potential biases will usually be smaller than biases caused by variable g
and regardléss of the ability to predict true distribution incorporating g should produce more reliable
AlV estimate. Future studies are needed to develop methods to simulate and test realistic species spatial
distributionsaSecond, we have concentrated on describing the effects of variable g on AlV estimates
using a simple random survey approach. This approach was chosen because we believe that the stated
goals of the paper are best presented on that simple example. However, in reality, the majority of
surveys are'stratified (e.g. Staufer, 2004); therefore, in practical applications, it is necessary to perform
simulations using, correct survey design. Such studies are presently underway at the Alaska Fisheries
Science Center.for surveys conducted in the Aleutian Islands, Gulf of Alaska, and Bering Sea. Moreover,
data from some surveys are used to obtain model-based (e.g. Shelton et al., 2014; Thorson et al. 2015)
or model-assisted estimates (e.g. Chen et al.,, 2004, Cadigan, 2011). The AlIV estimates from these
modelling techniques are believed to be more reliable than ones from the design-based estimators;
however, the effect of the random and density-dependent variation in g on these estimates needs

further investigation.
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Table

Table 1. Values of years, mean sampling efficiency, and variance in sampling efficiency over which

surveys were simulated.

Years 2005 -2014
Mean sampling efficiency (q) 0.01,0.05,0.1,0.2,0.4,0.6,0.8,1,1.5,2,2.5,3
Variance in sampling efficiency (V(g)) 0.00001, 0.01,0.1,0.2,0.4,0.6,0.8, 1, 2

Density-dependent efficiency parameter | 1, 100, 500, 2000, 50000
(a)

Figure captions

Figure 1. Simulated map of annual pollock density distribution in the EBS between 2005 and 2014. The
map is basedyon.a'1-km nominal grid and simulation runs were only performed within the EBS survey

area. The dgts in‘each map indicate the survey location.

Figure 2. Example(2010) of the relationship between relative error of sample derived abundance index
(AL (i.e. u_s J u_T)/u_T ) in relation to survey sampling efficiency (g; x-axis) and variance in sampling
efficiency (7(q); panels). Grey line represents relative error equal to 0. Note that the abundance index is
mean unpiased, and the effect of the sampling efficiency results in skewed index of abundance

distribution.
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Figure 3. Example (2010) of the relationship between survey coefficient of variation (CV) of the
abundance index (a?/u_s) in relation to survey sampling efficiency (g; x-axis) and variance in sampling

efficiency (V(q); panels).

Figure 4. Example(2010) of the relationship between relative error of sample standard deviation (SD) of
abundanceindex(i.e. (65— a7)/a7)) in relation to survey sampling efficiency (g; x-axis) and variance in

sampling efficiency (V'(q); panels). Grey line represents relative error equal to 0.

Figure 5. Example®(2010) of the relationship between coefficient of variation (CV) of survey standard
deviation (SD; i.e. standard deviation(o,) / mean(ay) ) in relation to survey sampling efficiency (g; x-axis)
and variance.in sampling efficiency (V' (q); panels). Black line represents expected of SD in case when

sampling efficieney is constant.

Figure 6. Example(2010) of the relationship between survey abundance index (Al) in relation to density-
dependent sampling efficiency (x-axis) and variance in sampling efficiency (V(q); panels). Red line

represents Allinicase when sampling efficiency is not density-dependent.

Figure 7. Example/(2010) of the relationship between coefficient of variation of survey abundance index
in relation to'density- dependent sampling efficiency (x-axis) and variance in sampling efficiency (V(q);

panels). Red linesrepresents expected CV in case when sampling efficiency is not density-dependent.
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