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1 Background

Fach year we attempt to show how the Eastern Bering Sea walleye pollock assessment model
is affected by data and assumptions. In most recent years, the evaluations have arisen from
alternative methods for data processing (e.g., use of the VAST index, including NBS region,
etc.). This year we evaluate new treatment of the acoustic data collected from the bottom-
trawl survey data (the acoustic vessels of opportunity (AVO) series). In addition, we updated
and re-evaluated some of the other input data specifications. This included reconsidering the
relative weights among different data sets. We present alternative process-error specifications
(e.g., the amount of allowed variability among processes related to time-varying selectivity) and
compare that with an alternative where additional observation error variance was estimated.
We also began to take the steps needed to be able to compare the current model across
different assessment software platforms. Table 1 below shows the model evaluations examined,
the naming convention used, relevant comparisons, and notes.

These models are contrasted and categorized by the type of analysis involved. Specifically, we
start with the 2022 assessment model and data configuration, then apply the revised new AVO
series (AVON; Figure 1). Here we assumed that the application of the more comprehensive
(spatially) time series would be accepted by the SSC and Plan Team. The next step in the
model process was to re-evaluate the relative weights specified as input variances and sample
sizes. We attempted to apply different tuning approaches which achieved a balance between the
observation errors and model process errors. We then have a section where we examined some
new model options followed by sensitivities to spawning biomass weight-at-age assumptions.

The purpose of this document is to have a discussion on some of these options and direction
for the November assessment and beyond; ideally, advice for bridging to a set of candidate
base models for this year’s assessment would be ideal.

For the 2023 assessment, we started responses to the SSC requests and tracking plans; these
are available here.


https://afsc-assessments.github.io/ebswp/articles/Assessment-planning.html
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Table 1: Preliminary model configuration comparisons for the EBS pollock stock assessment,
September 2023.

Description Notes

Base Original from folder 07, now in folder base22 with new code that accommodates ar-
bitrary number of age-error matrices by gear and year, and the generalized Gamma
distribution for index data

AVO new series Newly integrated acoustic backscatter from ”Acoustic vessels of opportunity”’-namely
the bottom-trawl survey vessels. Includes data from 2009 (data from early and in 2011
and 2013 omitted).

AVO full As in "AVO new” series but with data from 2006-2008, 2011, and 2013 used from
previous series (rescaled to have the same mean)

Tuned TV selectivity As in AVO full” but with time-varying (TV) acoustic-trawl survey (ATS) selectivity

for ATS variability ”"tuned” to achieve model consistency with input variance terms

Tuned observation er- Asin ”AVO full” but with input index variability estimated for consistencey with model

rors for indices fit

Ageing error Include age-determination error matrix

Diagonal As in base but uses only the diagonal of the covariance matrix for the bottom-trawl
survey (BTS) biomass estimates

Generalized Gamma This is based on the MCMC posterior samples generated from the process of accounting

distribution applied to for density-dependence within tows; the goal is to evaluate annually varying distribution

BTS data assumptions compared to the standard lognormal distribution.
Alternative wt-age Show how stock changes assuming a constant weight-at-age for SSB calculations
for SSB Use empirical mean values from A-season fishery as a proxy
Use predicted mean values from the year and cohort random-effects model
Base Proposed Full AVO series and with the smoothed mean-wt-age (random effect model)
2 Methods

2.1 Revised opportunistic acoustic data series

The new time series of data for the AVO data shows a peak estimate in 2015 and less of an
increase in 2019-2022 (Figure 2). These new data represent a broader area and are consid-
ered an improvement over the previously calibrated grid cells (N. Lauthenberger, AFSC pers.
comm.). The scales of each of these series is set to have the same mean over the updated years
of available data. The results from the newly analyzed back-acoustic scatter records are shown
as “X” in the figure; the in-between and earlier years were set to the previous year’s values
(normalized so the means are the same).

2.2 Model tuning: observation versus process-error specifications

To re-visit data weighting among indices and age compositions we attempted to develop a
simplistic approach. We tried to show model consistency by either inflating (or reducing)
as needed the input specified variances (model correctly specified but data conflicts suggests
observation errors too low, Francis (2011)). Alternatively, we assumed process errors were
mis-specified and that the input data variance terms were “correct.” The goal was to contrast
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Figure 1: Schematic of approach for evaluating some planned changes in the EBS pollock
assessment. See text for details.
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Figure 2: Time series of EBS pollock data from the acoustic vessels of opportunity (AVO)
showing the years of new data compared to previous series and the full series.
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different statistical properties common in modern stock assessments (i.e., estimating additional
variance versus adjusting model flexibility (Stewart and Monnahan (2017), Martell and Stewart
(2013)). Here we defined a model as being “consistent” when the specified (or estimated)
observation-error variances were about equal to the residual variances from the model fit.

To achieve consistency using the observation-error estimation approach, we iterated on the
magnitude of the mean coefficient of variation (CV) for each index. For example, if an index
had an SDNR of 1.2, indicating that the model fit was inconsistent with the specified variance
terms, then the annual CVs for that index would be all multiplied by 1.2. This approach
assumes the process/model specification is appropriate and that the observation errors require
tuning. We note that in other settings such “added variance” terms can optionally be freely
estimated (e.g., Methot and Wetzel (2013)) but here it took only four iterations to achieve
standard deviations of the normalized residuals equal to 1.0 (Francis (2011)).

For the process error term we focused on the index that appeared to be mis-specified (i.e., the
residual variance was greater than the specified input variances). This meant re-evaluating
the degree of process error terms for the acoustic-trawl survey selectivity (in the base model,
the selectivity was assumed to be constant). Results from initial trials suggested that adding
flexibility to this process error term could achieve estimation consistency (where the variances
specified are consistent with the model’s fit to the data).

2.3 Weight-at-age used for spawning biomass

In the base model used for 2022, the spawning biomass body weight-at-age used was set to be
equal to the estimated annual fishery values. The rationale for using fishery data was partly
based on the fact that sample sizes from the fishery are much larger than those available
from any survey data and the fact that the fishery covers the season when peak spawning
occurs (in early spring / late winter). Additionally, the methods used to estimate near-term
weight-at-age considers the recent mean values, the estimation uncertainty of those means (i.e.,
inverse-variance weighted), and accounts for cohort-effects (e.g., see Ianelli et al. (2022)). New
developments (e.g., Cheng et al. (2023)) include refinements in the ability to estimate mean
weights-at-age with appropriate measures of uncertainty within assessment models. Conse-
quently, we re-evaluated a how fishery data could best be applied as a measure of reproductive
output (fish body weight-at-age). Specifically, we evaluated available data drawn from the
spawning season.

We apply the original method developed in Ianelli et al. (2007). This approach uses actual
observed fishery mean and variances in weight-at-age over the period 1991-2021 from the
A-season (January-March). To supplement these data, we also include current-year survey
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observations (see Indivero et al. (2023)). The model for this is:

Wy, = W, et a=1,t>1964 (1)
Wyq = Wy 01 + Dge? a>1,t> 1964 2)
Ay = Wgyq — W, a<A (3)

3

W, =« {L1 + (Ly— Ly) (;:Ifé‘;—ll)} (4)

where the fixed effects parameters are Ly, L,, K, and « (length at age 1 and 10, growth rate,
and scalar, respectively) while the random effects parameters are v, and 1, for year and cohort
effects.

The random effects model used to estimate weight-at-age for the spawning biomass was based
on the A-season fishery and the summer survey data (scaled to have the same mean as the
A-season means) which shows distinct year and cohort effects (Figure 3). Figure 4 shows how
the patterns differ.

For assessment model evaluations we compared model runs where the mean body weight-at-
age was constant over time with the empirical data from the A-season and additionally runs
with the smoothed random-effect model result (the w,, ). We consider the random effects
approach to provide a simple generalized approach from which to use the available data and
account for uncertainty across years and ages.

2.4 Other model evaluations

Some model alternatives were examined to either explore new approaches or features that
exist but are turned off. For example, the current pollock base model has age-determination
error as an option but it is turned off partly due to earlier considerations from the work of
Kimura et al. (1992). With the advent of the potential application of Fourier Transform
near-infrared spectroscopy (FT-NIRS) for age determination (Helser et al. (2019); Healy et
al. (2021)), the model was modified such that age compositions could be fit by any number
of error matrices over time and among gear types. For now, we used the previously estimated
age-determination error to re-evaluate the effect on model fit and results (the FT-NIRS data
are still in development).

Another feature of the current model is the use of the estimated covariance matrix over years
from a combination of density-dependent corrections (see Kotwicki et al. (2014)) and VAST
spatial distribution modeling (Thorson (2019)) for the BTS series. While this has been a
feature of the model since 2015 and part of the current base-case model, it is rare to find other
assessment software platforms that have this capability. Consequently, in an effort to compare
the current model with other software platforms we tested a model where the variances of the
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Figure 3: Weight-at-age data (left and middle panel) and predictions (right-most panel) for
EBS pollock as an alternative series for spawning biomass weight-at-age. Note that
the color shadings indicate the anomaly within age (columns).
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Figure 4: Alternative scenarios for body weight-at-age used for computing spawning biomass
for EBS pollock biomass weight-at-age.
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individual years in the bottom-trawl survey (BTS) are treated independently (i.e., using just
the diagonal of the covariance matrix).

Finally, Monnahan (pers. comm.) has developed an approach for using a generalized gamma
distribution which allows for different scale and shape parameters for each year of the bottom
trawl survey. We provide that for exploration purposes since there is evidence that the statis-
tical distribution of the CPUE from survey trawls can vary from the assumed log-normal error
distribution.

Across model alternatives, we attempted to provide consistent tables for judging goodness of
fit, impact on status measures (e.g., current biomass and reference points) and figures showing
impact on trends in spawning biomass.

3 Results

3.1 Alternative AVO data treatment

The relative fits to the AVO data degraded with the new short and full series (Table 2).
However, there was relatively minor impact on biological reference points and stock status
(Table 3).

Table 2: Goodness-of-fit measures to primary data for different assessment model configura-
tions. RMSE=root-mean square log errors, NLL=negative log-likelihood (may not be
comparable across model configurations), SDNR=standard deviation of normalized
residuals, Eff. N=effective sample size for composition data)

Component Base 22 AVO new AVO full

RMSE BTS 0.166 0.166 0.166
RMSE ATS 0.233 0.232 0.231
RMSE AVO 0.221 0.341 0.292
RMSE CPUE 0.093 0.093 0.093
SDNR BTS 0.990 0.980 0.980
SDNR, ATS 1.270 1.240 1.240
SDNR AVO 0.650 1.710 1.460
Eff. N Fishery 1,238 1,230 1,233
Eff. N BTS 224 223 224
Eff. N ATS 204 202 203
Catch NLL 3 3 4
BTS NLL 32 31 31
ATS NLL 14 13 13
AVO NLL 3 16 17
Fish Age NLL 145 146 145
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BTS Age NLL 159 159 159
ATS Age NLL 35 36 36
NLL selectivity 158 158 158
NLL Priors 20 20 20
Data NLL 410 424 425
Total NLL 623 637 638

Table 3: Summary of model results and the stock condition for EBS pollock. Biomass units
are thousands of t.

Component Base 22 AVO new AVO full
Bygos 4,000 3,800 4,000
CVB2023 0.13 0.11 0.11
Byrsy 2,667 2,653 2,660

Bassy 0.2 0.2 0.2
Bsyas/Brsy 150% 144% 149%
B, 6,640 6,608 6,624
Bsso, 2,114 2,101 2,111
SPR rate at Fj;qy 33% 33% 33%
Steepness 0.61 0.61 0.61
Est. Bsgga/Bag22.nofishing 0.61 0.6 0.61
Bsgas/Brsy 143% 137% 141%

3.2 Model tuning

Assuming the AVO revised data will be accepted, we began “tuning” the model with this
series adopted (instead of working from the 2022 base model and data). As noted above,
this entailed examining trade-offs between observation and process error assumptions. We
modified the ability for one index (ATS) to have time-varying selectivity-at-age and iterated
on the process-error variance term to satisfy the specified observation errors via conforming
to standard deviations of normalized residuals being 1.0 or close (Francis (2011)).

The alternative tuning approaches affected the relative fits and uncertainty assumptions. The
observation errors for the AVO data increased in both model sets of tuning approaches whereas
the error bars for the process-error approach increased only slightly for the ATS index Figure 5).
For the BTS data, the fits and impact on error-terms were very similar (presumably due to the
covariance matrix used for that data component (Figure 6). The process-error tuned model
resulted in ATS selectivity estimates that varied slightly over time (Figure 7).
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Figure 5: Comparison of the model fit to acoustic trawl survey (top) and acoustic vessels of

opportunity (AVO; bottom) for the 2022 assessment and tuning process error terms
or observation errors.
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Figure 6: Fit of EBS pollock model to bottom trawl survey data from the 2022 error-term

specification.

Table 4: Goodness-of-fit measures to primary data for different assessment model configura-
tions. RMSE=root-mean square log errors, NLL=negative log-likelihood (may not be
comparable across model configurations), SDNR=standard deviation of normalized
residuals, Eff. N=effective sample size for composition data)

September 2023

Component AVON Full Proc_tune
RMSE BTS 0.166 0.165
RMSE ATS 0.231 0.208
RMSE AVO 0.292 0.271
RMSE CPUE 0.093 0.093
SDNR BTS 0.980 0.980
SDNR ATS 1.240 1.030
SDNR AVO 1.460 0.990
Eff. N Fishery 1,233 1,236
Eff. N BTS 224 225
Eff. N ATS 203 249
Catch NLL 4 3
BTS NLL 31 31
ATS NLL 13 9
AVO NLL 17 8
Fish Age NLL 145 145
11 BSAI Plan Team



Draft

September 2023

BTS Age NLL
ATS Age NLL
NLL selectivity
NLL Priors
Data NLL
Total NLL

EBS Pollock assessment considerations

159
36
158
20
425
638

159
28
164
20
402
622

12

BSAI Plan Team



Draft EBS Pollock assessment considerations

—

1994 4
1995
1996
1997
1998
1999 4
2000 -
2001 -
2002
2003
2004
2005+
2006
2007
2008 -
2009
2010+
2011+
2012~
20134
20144
2015+
20161
2017
2018~
2019+
2020 -
2021
20224

Year

2 3 4 5 6 7 8 9 10
Age (years)

Figure 7: Time varying acoustic trawl selectivity estimates for the process-error tuned model.
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Table 5: Summary of model results and the stock condition for EBS pollock. Biomass units
are thousands of t.

Component AVON Full Proc_tune
Bsgas 4,000 3,800
CV,,.. 0.11 0.14
Bursy 2,660 2,659
CVg,, ey 0.2 0.2
Bsgas/Brsy 149% 143%
B, 6,624 6,618
By, 2,111 2,097
SPR rate at Fy gy 33% 33%
Steepness 0.61 0.61
Est. Byooa/Ba0a2,nofishing 0.61 0.59
Bsgas/Bsy 141% 136%

3.3 Spawning biomass weight-at-age

Compared to the values used in the base and “tuned” model, the trends are very similar but
the scales change substantially in some years (Figure 8 ; including the “SSB0” scenario). As
expected, changing the spawning biomass weight-at-age used to calculate spawning biomass
had no effect on the model fit (Table 6). Also, the stock status and reference points varied
among assumptions, but were relatively similar (Table 7).
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Figure 8: Results of the EBS pollock model for recent spawning biomass estimates comparing
the base model under different assumptions about mean body weight-at-age during
spawning.
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Table 6: Goodness-of-fit measures to primary data for different assessment model configura-
tions. RMSE=root-mean square log errors, NLL=negative log-likelihood (may not be
comparable across model configurations), SDNR=standard deviation of normalized
residuals, Eff. N=effective sample size for composition data)

Component Tuned22 SSB=mean SSB Emp. wt-age SSB RE wt-age
RMSE BTS 0.165 0.165 0.165 0.165
RMSE ATS 0.208 0.208 0.208 0.208
RMSE AVO 0.271 0.271 0.271 0.271
RMSE CPUE 0.093 0.093 0.093 0.093
SDNR BTS 0.980 0.980 0.980 0.980
SDNR ATS 1.030 1.030 1.030 1.030
SDNR AVO 0.990 0.990 0.990 0.990
Eff. N Fishery 1,236 1,236 1,236 1,235
Eff. N BTS 225 225 225 225
Eff. N ATS 249 249 249 249
Catch NLL 3 3 3 3
BTS NLL 31 31 31 31
ATS NLL 9 9 9 9
AVO NLL 8 8 8 8
Fish Age NLL 145 145 145 145
BTS Age NLL 159 159 159 159
ATS Age NLL 28 28 28 28
NLL selectivity 164 164 164 164
NLL Priors 20 20 20 20
Data NLL 402 402 402 402
Total NLL 622 621 621 621
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Table 7: Summary of model results and the stock condition for EBS pollock. Biomass units
are thousands of t.

Component Tuned22 SSB=mean SSB Emp. wt-age SSB RE wt-age
Byas 3,800 3,600 3,500 3,600
CV32023 0.14 0.14 0.14 0.14
Byrsy 2,659 2,677 2,530 2,634
CVg,,oy 0.2 0.2 0.19 0.2
Bsgas/Brsy 143% 133% 137% 137%
B, 6,618 6,848 6,385 6,577
Bsso, 2,097 2,127 1,986 2,028
SPR rate at Fy gy 33% 33% 34% 34%
Steepness 0.61 0.61 0.6 0.6
Est. Bagga/B2022.nofishing 0.59 0.54 0.55 0.55
Bsgss/Barsy 136% 122% 127% 123%
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3.4 Alternative error-term specifications

In this section we present the updated error terms associated with the acoustic trawl data (the
observations used previously were revised). We also show the impact of using the diagonal
covariance matrix and an alternative for the bottom trawl survey data based on the generalized
gamma distribution in place of the log-normal. Changing the bottom-trawl survey error to be
based on independent annual survey index values (the base model used a covariance matrix
estimated for the series) was nearly identical compared to the base tuned model (Figure 9).
However, the fit to the BTS index was worse than for the other alternatives based on the
root-mean squared error (RMSE; Table 8; note that the for the “NLL” for the for the BTS
differ because the form of the likelihood equation changed). This degradation of fit to the
BTS index is also apparent in Figure 10. The results on goodness of fits for the Generalized
Gamma distribution was improved compared to the base tuned model and the others and the
pattern of fits of the model predictions varies compared to the base tuned model (Figure 11).
Presumably this is due to the externally estimated shape and scale of the annually varying
distribution (while for the base model the “shape” is constant by assuming a multivariate
log-normal distribution).

For the runs with the age-determination error option turned on, the fits to the data degraded
for most of the age composition data (based on the NLL and the “effective-sample size”) but
improved fits slightly to the indices (e.g., in Figure 12, Table 8).

For the models with modifications to the error-term specifications, the changes for biomass
reference points varied slightly (Table 9).
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Figure 9: Results of the EBS pollock model for recent spawning biomass estimates comparing

the base model using the covariance matrix with the one where only the diagonal is
applied.
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Figure 10: Results of the EBS pollock model fit to the BTS data comparing a model using
the covariance matrix (tuned22) with the one where only the diagonal is applied
(“Diag cov BTS”).
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Figure 11: Results of the EBS pollock model fit to the BTS data comparing a model using

the standard log-normal distribution is used (tuned22) with the one where the
annually-varying generalize gamma distribution is applied (“GenGam”).
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Figure 12: Results of the EBS pollock model fit to the BTS data comparing a model using
the standard log-normal distribution is used (tuned22) with the model where the

September

age-determination error option is turned on (“Ageing Error”).
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Table 8: Goodness-of-fit measures to primary data for different assessment model configura-
tions. RMSE=root-mean square log errors, NLL=negative log-likelihood (may not be
comparable across model configurations), SDNR=standard deviation of normalized
residuals, Eff. N=effective sample size for composition data)

Component Tuned22 Ageing Error Diag cov BTS GenGam
RMSE BTS 0.165 0.161 0.196 0.145
RMSE ATS 0.208 0.201 0.210 0.204
RMSE AVO 0.271 0.261 0.272 0.268
RMSE CPUE 0.093 0.095 0.093 0.093
SDNR BTS 0.980 0.950 1.280 1.010
SDNR ATS 1.030 0.990 1.030 1.020
SDNR AVO 0.990 0.970 1.000 1.000
Eff. N Fishery 1,236 998 1,283 1,265
Eff. N BTS 225 218 232 219
Eff. N ATS 249 277 253 249
Catch NLL 3 3 2 2
BTS NLL 31 29 34 308
ATS NLL 9 8 9 9
AVO NLL 8 8 8 8
Fish Age NLL 145 167 140 143
BTS Age NLL 159 164 149 155
ATS Age NLL 28 26 28 28
NLL selectivity 164 156 158 180
NLL Priors 20 20 20 20
Data NLL 402 421 391 673
Total NLL 622 646 604 909
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Table 9: Summary of model results and the stock condition for EBS pollock. Biomass units

are thousands of t.

Component Tuned22 Ageing Error Diag cov BTS GenGam
Byas 3,800 3,900 3,800 3,800
CV32023 0.14 0.15 0.14 0.14
Byssy 2,659 2,606 2,667 2,652
CVg,,ey 0.2 0.2 0.2 0.2
Bsyas/Brsy 143% 148% 143% 144%
B, 6,618 6,397 6,635 6,611
Bssy, 2,097 2,068 2,108 2,106
SPR rate at F gy 33% 35% 33% 33%
Steepness 0.61 0.59 0.61 0.61
Est. Bagga/Bag22.nofishing 0.59 0.59 0.59 0.59
Bsgas/Bsy 136% 141% 136% 137%

4 Summary

For the models we explored there was generally improvements to the model specifications that

could

be made. These were relatively minor impacts on the stock status and trends. For

discussions, we therefore recommend:

Adopting the use of the full revised AVO time series. The data have been re-calibrated
to the acoustic trawl survey and cover a larger area than previous AVO series. This may
improve the ability to track expansion and contraction of the pollock stock in mid-water.

Allowing modest process error terms consistent with the observation-error specifications.
We prefer to follow allow slight deviations in process errors (here selectivity/availability
in the ATS) to achieve consistency with specified survey-based observation-errors

Adopting the use of the RE model for A-season fishery mean body weight-at-age. These
smoothed values are based on uncertainty-weighted observations and reflect the pattern
most available to the spawning season of pollock.

Pursuing model configurations that can best be used to bridge between other software
platforms (e.g., WHAM, stock synthesis, and AMAK2). This practice should help confirm
that the model used for this assessment concurs with other software (e.g., as found in Li
et al. (2021)) and also provide flexibility and transparency in transferring this assessment
to future analysts.

For future work we plan to adopt a new method for estimating cohort and year random effects
for processes such as selectivity (e.g. Cheng et al. (2023)).
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We also set up application of Trijoulet et al. (2023) and this is provided here (https://afsc-
assessments.github.io/ebswp/articles/EBS__wp_ OSA.html)
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