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MODEL VALIDATION FOR THE SELECTION AND WEIGHTING
OF STOCK ASSESSMENT SCENARIOS

Laurence T. Kell! Henning Winker?
SUMMARY

This worked example has been conducted in response to the Recommendation that the Shark
Species Group, together with the Working Group on Stock Assessment Methods, should help
develop guidelines for the selection, rejection, weighting and extension of stock assessment
models when providing robust management advice. The blue shark assessment, in common with
other ICCAT stock assessments, has to consider alternative often conflicting data sets, uncertain
life history information, and auxiliary data sets such as length and tagging data. The Working
Group on Stock Assessment Methods has therefore recommended that Species Groups should
identify model uncertainties, biases and misspecifications, to be considered when specifying
uncertainty grids to be considered. The Shark Species Group has also been asked to provide, *
options for a harvest control rule (HCR) with associated limit, target and threshold reference
points for the management of blue shark in the ICCAT Convention area”.

RESUME

Cet exemple concret a été développé en réponse a la Recommandation visant a ce que le Groupe
d’espéces sur les requins, conjointement avec le Groupe de travail sur les méthodes d’évaluation
des stocks, contribuent a [’élaboration de directives pour la sélection, le rejet, la pondération et
[’extension des modéles d’évaluation des stocks lors de la soumission d’un avis de gestion
robuste. L’ évaluation du stock de requin peau bleue, tout comme d’autres évaluations des stocks
de I'ICCAT, doit examiner des jeux de données alternatifs souvent contradictoires, des
informations incertaines sur le cycle vital et des jeux de données auxiliaires tels que les données
de longueur et de marquage. Le Groupe de travail sur les méthodes d’évaluation des stocks a
donc recommandé que le Groupe d’especes identifie les incertitudes, les biais et les erreurs de
spécification des modeles, qui seront étudiés lors de la spécification des grilles d’incertitude a
examiner. 1l a également été demandé au Groupe d’espéces sur les requins de soumettre « ... des
options pour une régle de controle de [’exploitation (HCR) avec les points de référence limite,
cible et seuil associés pour la gestion du requin peau bleue dans la zone de la Convention de

I'ICCAT ».

RESUMEN

Este ejemplo practico se ha realizado en respuesta a la Recomendacion de que el Grupo de
especies de tiburones, junto con el Grupo de trabajo sobre métodos de evaluacion de stock,
deberia ayudar a desarrollar directrices para la seleccion, rechazo, ponderacion y ampliacion
de los modelos de evaluacion de stock a la hora de proporcionar un asesoramiento solido en
materia de ordenacion. La evaluacion del tiburon azul, al igual que otras evaluaciones de stock
de ICCAT, tiene que considerar conjuntos de datos alternativos a menudo contradictorios,
informacion incierta sobre el ciclo vital y conjuntos de datos auxiliares como datos de talla y
marcado. Por lo tanto, el Grupo de trabajo sobre métodos de evaluacion de stocks ha
recomendado que los grupos de especies identifiquen las incertidumbres, sesgos y errores de
especificacion de los modelos, que deben tenerse en cuenta a la hora de especificar las matrices
de incertidumbre que deben considerarse. También se ha pedido al Grupo de especies de
tiburones que proporcione "... opciones para una norma de control de capturas (HCR) con
niveles de referencia limite, objetivo y umbral asociados para la ordenacion del tiburon azul en
la zona del Convenio de ICCAT".
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1. Introduction

The blue shark assessment has to consider alternative data sets and review new life history information and tagging
data. Therefore, this work has been conducted in response to the Recommendation in 2021 that the shark working
group should “Consider, together with the Working Group on Stock Assessment Methods, alternative stock
assessment methods (as per Kell, 2021, other SCRS papers, and the fisheries literature)” Following this
recommendation the SCRS asked the author to help develop guidelines for the selection, rejection, weighting and
extension of stock assessment models, for the upcoming blue shark assessment (ICCAT, 2022).

The shark working group has also been asked to provide, ... options for a harvest control rule (HCR) with the
associated limit, target and threshold reference points for the management of blue shark in the ICCAT Convention
area.” Which also requires procedures for selection, rejection, the weighting of Operating Model (OM) scenarios
when conducting Management Strategy Evaluation (MSE).

The Working Group on Stock Assessment Methods, therefore, recommended that SCRS meetings in preparation
for stock assessment evaluations routinely include a presentation and discussion of the model and the diagnostics
of the previous assessment being used to provide management advice. The presentations should identify model
uncertainties, biases and misspecifications, which should be considered when specifying the uncertainty grid to be
submitted at the subsequent stock assessment meeting.

The adoption of the Precautionary Approach requires providing advice that is robust to uncertainty. Therefore,
when conducting a stock assessment, alternative model structures and data sets are commonly considered. The
primary diagnostics used to compare models are to examine residual patterns to check goodness-of-fit and to
conduct retrospective analysis to check the stability of estimates. However, residual patterns can be removed by
adding more parameters than justified by the data, and retrospective patterns by ignoring the data. Therefore,
neither alone can be used for validation, which requires assessing whether it is plausible that a system identical to
the model generated the data (Hodge and Dewar, 1992).

A variety of diagnostics are available for assessing goodness of fit (e.g., Carvalaho et al. 2021). For example,
indices of abundance are a primary contributor to the overall likelihood when fitting stock assessment models to
data (Whitten et al., 2013), and the sum of squared errors (SSE) between observed and predicted indices in the
log-space is often used as a fitness measure. SSE is problematic because complex models tend to have many
parameters to allow flexibility, resulting in a low SSE due to overfitting by adding more parameters than can be
justified by the data. This was a reason for the development of criteria such as AIC to aid in model selection.
However, AIC needs to be performed on models with the same likelihood function and data, which is not the case
if different hypotheses are modelled with alternative model structures and data sets.

Stock assessment models often have poor prediction performance (Patterson et al., 2001). For example, it is often
observed at the Standing Committee on Research and Statistics (SCRS), when assessments are updated that the
stock forecasts did not come to pass. Therefore, to provide advice that is robust to uncertainty, Management
Strategy Evaluation (MSE) is used to develop Management Procedures (MPs) and HCR that are robust to
uncertainty. To do this, alternative hypotheses and data sets are used for conditioning OMs. The OMs may be
based on stock assessments and when conditioning OMs is necessary to ensure that the hypotheses represent
plausible dynamics.

An MP is the combination of data collection schemes, the specific analyses applied to those data, such as a stock
assessment to determine current status and also the pre-agreed method of standardisation of CPUE data, and the
decision rules used to determine management actions based on the results of those analyses (Punt and Donovan
1999; Butterworth 2007; De Oliveira et al. 2008).

Retrospective forecasting has been used to compare models, however, this approach is not suitable for validation,
as model estimates such as SSB which are latent quantities are not known without error. To address this, Kell et
al. (2016) proposed hindcasting where actual observations (e.g. indices of abundance) are compared to their
predicted future values. The key concept behind the approach is 'prediction skill', which is defined as any measure
of the accuracy of a forecasted value to the actual observed value unknown by the model (Kell ef al., 2021). The
difference is hereafter referred to as the 'prediction residual' (Michaelsen, 1987).
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We, therefore, use hindcasting to estimate prediction skill, a measure of the accuracy of a predicted value unknown
by the model relative to its observed value to show to validate the Blue Shark JABBA assessment and scenario in
order to accept and weight assessment models and hypotheses. We then discuss the extension of the approach to
multimodel scenarios and conditioned OMs when developing HCRs.

2. Material and Methods

For the assessment the Bayesian State-Space Surplus Production Model framework, ‘Just Another Bayesian
Biomass Assessment’ (JABBA, Winker et al., 2018) was used. JABBA has been applied in stock assessments of
sharks, tuna, and billfishes around the world, and presents a unifying, flexible framework for biomass dynamic
modelling, runs quickly, and generates reproducible stock status estimates and diagnostic tools. Specific emphasis
has been placed on flexibility for specifying alternative scenarios, achieving high stability and improved
convergence rates. The approach taken, however, is generic and can also be applied to other stock assessment
models.

Biomass dynamic assessment models use as inputs total removals and indices of relative abundance. For example,
catch-per-unit-of-effort (CPUE) is often the main piece of information used in fisheries stock assessments and is
assumed to be proportional to abundance. However, CPUE are not observations, as they are generated by models
to standardise them, by removing factors that are unrelated to abundance that may vary by year. It is important to
understand and account for mechanisms that could affect catchability, which may be due to changes in fishing
strategies, or stock distribution and productivity (de Bruyn and Schirripa, 2017). CPUE indices are generally
brought by contracting parties to an assessment working group and provide insights into the fisheries and stocks.
For example, some indices may have considerably wider geographical coverage than others, which likely affects
their representativeness for the stock.

We therefore first explore the trends in and correlations between the CPUE submitted to the working group. We
then run evaluate the prediction residuals for JABBA assessments based on different CPUE grouping i.e. i) all
indices, ii) one-by-one, iii) leaving one out, and iv) clusters agreed at the Data Prep meeting.

For validation, observations or well-known quantities should be used. We, therefore, applied hindcasting to the
time series of catch per unit effort (CPUE) used as indices of relative abundance. The algorithm is similar to that
used in retrospective analysis, as it requires the same procedure of peeling observations from the end of the series
and refitting the model to the truncated data set. Hindcasting involves the additional step of projecting forward,
and an important difference is that the forecasts are for the observations.

2.1 Indices of Abundance

The data used are the indices of abundance summarised in Figure 1. To summarise trends, a GAM was fitted with
an index factor for catchability and a common smoother was fitted to all the indices.

Abundance indices (annual values of the index and associated CV) are the standardised CPUEs, for Venezuela,
Spain, Portugal, USA, Japan, Chinese Taipei and Morocco. The SPN, POR and MOR indices are in biomass,
whereas the remaining indices are in numbers. This is not ideal for use in biomass dynamic models, where the
population is in biomass and the indices used in fitting are assumed to be representative of exploitable biomass
through an index-specific catchability factor (q).

At the data preparatory meeting, no index was identified as flawed, so the Group decided not to exclude any index.
The suggestion was made to use a cluster analysis approach to formulate alternative states of nature and evaluate
CPUE series using the resulting groups. The results of the cluster analysis for the North Atlantic suggest grouping
Morocco and EU-Portugal together, and Japan, EU-Spain, and Chinese Taipei as another group, while waiting for
the results of the new U.S. standardization. For Venezuela, it was noted that it was positively correlated with the
Moroccan index, but the two indices only overlapped in a limited number of years. The Group agreed that it would
explore using this index from Venezuela along with the updated U.S. index. It further recommended exploring the
influence of this index on the assessment.
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2.2 Model Settings

The intention at this stage is not to find a “best” assessment but to develop a generic approach for comparing
indices, and propose hypotheses for testing, and an objective way to validate models. We, therefore, used
common settings across all runs.

Model settings were the same as used in SCRS/2023/124. For the production function, a Schaefer form was used
to correspond to Busy being half of Virgin Biomass (Busy/K = 0.5)

It was assumed that the catch values used as data inputs are “Reported Catch” values and the “True Catch” values
may differ, i.e., “True Catch” ~ logNormal (median=Reported Catch, CV=0.1).

2.3 Hindcast

An objective of this study is to show how hindcasting and using multiple measures for prediction skill can help in
the development of robust stock assessment advice frameworks. Using multiple measures to represent more than
one attribute of prediction skill helps provide insight into the reliability of the measures and the error structure of
the data (Kell et al., 2016).

We use hindcasting to evaluate the prediction skill of series of catch per unit effort (CPUE) used as indices of
stock abundance, across a range of stock assessment scenarios. Since time series of CPUE are often the most
influential inputs to stock assessment models (Francis and Hilborn, 2011) it is important to be aware of the
limitations of these data when fitting models with them.

A hindcast procedure was used where the indices of abundance are sequentially removed from the terminal year,
i.e., peeled backwards from the model. In contrast, in a retrospective analysis, all observations for a year are peeled
back, which means that quantities cannot be predicted for the years peeled back unless additional assumptions are
made. The hindcast is a variant of cross-validation where, like retrospective analysis, recent data are removed, and
the model is refitted with the remaining data. Known values (observations) or well-estimated historical values are
then compared to model estimates. When observations are used for comparison, this is also referred to as model-
free validation (Kell et al., 2016). In a hindcast, observations are removed from the terminal year and up to n years
back, and then the missing observations are predicted by fitting to the remaining data for 1, 2, ... n steps ahead.
Observations may be removed by series or fleets to evaluate data conflicts, time blocks to overcome serial
correlations, or individually to estimate bias, as in the jackknife. No stock forecast or projection needs to be
performed, and so there is no need to make assumptions about future parameters, as all parameters needed are
estimated within the model. The hindcast may be conducted for individual data series or combinations of series
and data types, for example, by fleet where both CPUE and length data are removed. This allows data conflicts to
be explored.

2.4 Prediction Skill

The main aims of stock assessment models are to provide accurate estimates of state variables and predictions of
the future. A variety of measures for accuracy are available, and Table 1 shows a number of metrics. The JABBA
package has a method that outputs the prediction and model residuals, model and hindcast estimates, and
observations, allowing these metrics to be easily calculated. The intention is to create a similar function in the
ss3diags package.

Where the error (e) is the difference between the observed state and the estimate or prediction e = y — ¥, and
where n is the sample length and h is the period for a forecast.

Metrics, such as MAE cannot be used to compare data at different scales unlike Mean Absolute Scaled Error
MASE and Root Mean Squared Scaled Error (RMSSE). The mean absolute scaled error (MASE; Hyndman and
Koehler, 2006) is a robust statistic for evaluating prediction skill. MASE builds on the principle of evaluating the
prediction skill of a model relative to a naive baseline prediction. A prediction is said to have 'skill' if it improves
the model forecast compared to the baseline. A widely used baseline forecast for time series is the 'persistence
algorithm' that takes the observation at the previous time step to predict the expected outcome at the next time step
as a random walk of naive in-sample predictions, e.g., tomorrow's weather will be the same as today's. The MASE
score scales the mean absolute error (MAE) of forecasts (i.e., prediction residuals) to MAE of a naive in-sample
prediction.
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MASE has the desirable properties of scale invariance, so it can compare forecasts across data sets with different
scales, such as CPUE. It also has predictable behaviour, symmetry, interpretability, and asymptotic normality.

Unlike relative error, MASE does not skew its distribution even when the observed values are close to zero. It is
easy to interpret, as a score of 0.5 indicates that the model forecasts are twice as accurate as a naive baseline
prediction. The Diebold-Mariano test (Diebold and Mariano, 1995) for one-step forecasts can also be used to test
the statistical significance of the difference between two sets of forecasts.

3. Results
The indices are first compared before JABBA is fitted and the prediction residuals are used for validation.
3.1 Indices

A GAM with was fitted to all the indices, Tukey described this approach as residuals and reiteration: where
removing a striking pattern allows more subtle patterns to be seen. Therefore, Figure 2 plots the residuals, along
with an indication of whether the run's test was passed. There appear to be similarities between the SPN and JPN
series. There are also differences between the geographical coverage of the CPUE indices, and some may only
cover a small area relative to the stock. Such factors need to be considered when developing hypotheses for testing.

Pairwise scatter plots (Figure 3) are then used to explore the correlations between the indices, and Figure 4 shows
the correlation matrix, blue indicates positive and red negative correlations. There appear to be 3 clusters por &
mor, ven & usal, ctp, usa2 & jpn, and conflicts e.g., spn & mor.

In a biomass dynamic model without age structure, it is assumed that the indices correspond to the same population
components, i.e., no age effects, and no differences in spatial structure. Differences between quantities used for
the index, i.e., biomass or numbers, will also impact trends and correlations, e.g. in a strong year-clas individuals
will be subject to both mortality and growth in body mass meaning that a biomass index may increase when an
index number is decreasing. If, however, only adults are caught then the difference between trends in numbers
and biomass may be small.

Therefore, the cross-correlations are plotted in Figure 5. If two indices are mapping the same age classes, then
the highest correlation will be at lag 0. If, however, two indices represent different age structures, then the highest
correlation will be lagged (e.g., ven & jpn). While, if the two indices are mapping different stock components then
correlations will be low (mor & ctp), and if an index does not track year-classes then its auto-correlations will be
low (e.g. ctp).

3.2 JABBA Fits

After the comparison of the indices, JABBA was fitted using a common set of parameter settings across all
scenarios. The aim was not to develop a best assessment but to show how comparisons can be made across
scenarios, as a first step before considering model acceptance and weighting.

The JABBA runs are summarised in Table 2, Table 3 presents the MASE and Table 4, the run tests

In Table 2 a variety of summary statistics are presented, for example, the deviance information criterion (DIC)
which has been extensively used for making Bayesian model selection. It is a Bayesian version of AIC and chooses
a model that gives the smallest expected Kullback-Leibler divergence between the data generating process (DGP)
and a predictive distribution asymptotically summary. The DIC varies widely depending on the choice of indices.

The prediction and model residuals are compared in Figure 6, for a five-year peel, none pass the runs tests. The
patterns are quite different, and only MOR had MASE<I.

In summary, it looks like there are conflicts in the data and hence multiple scenarios may be warranted:

—  All: If we run JABBA with all the indices then only MOR has prediction skill, the other indices are only
adding noise or else their signal is being masked.

—  One by One: When indices are run by themselves, JPN and SPN have prediction skill, as suggested
above it looks like their signal is being masked by MOR.
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—  CIDPI: When JPN & SPN are removed, then POR, as well as MOR, have prediction skill.

—  CIDP2: Now CTP has prediction skill.

—  CITgl: When JPN & SPN are removed then POR, as well as MOR, have prediction skill.

—  CliTgl: compared to CIDP1 POR no longer has prediction skill, suggests that SPN is adding some
conflict.

The runs tests show that if a single index is used in fitting, that there is no residual pattern, however, this does not
always result in prediction skill as although CTP, POR and USA2 have no residual pattern MASE>1, which
suggests overfitting.

3.4 JABBA Benchmarks and Reference Points

The distribution of benchmarks relative to reference points are also compared after JABBA is fitted.

The estimates of B/Bumsy and F/Fysy in the final year are presented in Figures 7 and 8 for scenarios All and CIDP1,
and CIDP2. For Biomass, the “All” scenario gives a PDF that is between the scenario CIDP1 & CIDP2, while for
F cluster CIDP1 is bimodal. This is likely due to non-convergence due to including MOR and VEN which are
negatively correlated. These results demonstrate the problems of including conflicting indices in a single
assessment and of combining assessments with different data sets and support the conclusion that multiple
scenarios may be warranted.

4. Discussion

The analysis showed that the CPUE series are in conflict, causing convergence problems This is illustrated by
Figures 5 and 6, which show the distributions of B/Bmsy and F/Fusy for scenarios All and CIDP1, and CIDP2.
For Biomass, the All scenario gives a PDF that is between the scenario CIDP1 & CIDP2 , while for F cluster
CIDP1 is bimodal. This is likely due to including MOR and VEN which are negatively correlated. These results
demonstrate the problems of including conflicting indices in a single assessment and combining assessments with
different data sets.

The main input parameters of a stock assessment are often uncertain. This means that stock assessors are often
faced with a range of model formulations and/or alternative management scenarios which should be scrutinised
before decisions are made (Mannini et a/, 2021). In this context, when discussing which could be the best model
used in assessing stocks, Hilborn and Walters (1992) recalled an adage that “the truth often lies at the intersection
of competing lies”. This uncertainty in ‘what is the best model?’ necessitates a comparison of a range of alternative
models. The use of structural uncertainty grids (Rice & Courtney, 2023) to conduct sensitivity analyses has become
common practice in the tuna RFMOs. Since even moderate stocks like pelagic sharks typically have large
uncertainties including catch and many inestimable parameters. This differs, from, and is often confused with
uncertainty analysis using ensemble modelling where multiple models are developed and combined to provide
estimates of uncertainty. Ensemble modelling can include model weighting and projections for alternative
management options.

ICES are providing advice where instead of comparing multiple model outputs and selecting a single final model,
an ensemble modelling approach (Dietterich, 2000) was used to present results with a quantitative criterion for
weighting several model predictions. Ensemble methods provide a promising approach when decisions have to be
made despite the presence of multiple and potentially conflicting estimates of stock status (Anderson et al. 2017).
Ensemble models have been proven to be more accurate and less biased than the choice of an individual model, as
they can effectively tease apart the conditions under which various model assumptions result in the most accurate
predictions (Dietterich, 2000; Knutti et al., 2009). In general, an ensemble approach will better encapsulate the
variability and uncertainty of model predictions because instead of choosing a single set of fixed parameter values,
you can explore a contrasting but plausible range of values. (Dietterich, 2000; Knutti et al, 2009). This is crucial
when the reliability of single fixed parameters is in question. The objective when using an ensemble model is
therefore to quantify the total uncertainty across all plausible models, where the structural uncertainty is likely to
be much greater than the within-model uncertainty. For example, ensembles are often helpful because modellers
need not decide on dome versus asymptotic fisheries selectivity (e.g., Sampson & Scott, 2012, FAO-GFCM, 2021),
or whether to fix or estimate natural mortality (e.g., Johnson et al., 2015). Moreover, ensemble forecasting has
been proven to improve forecast accuracy, robustness in many fields, particularly in weather forecasting where the
method originated (Wu and Levinson 2021).
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4.1 Model weighting

Before running an ensemble model, and providing advice, each model needs to be assigned a weight. The need to
weigh models based on available information is well recognised (Francis and Hilborn, 2011). However, the
complexity of the stock assessment process may prevent strict statistical rigour from being applied. However,
assigning the same weight (reliability) to all models could introduce biases in the management advice if some
models are less likely than others or there is redundancys, i.e., multiple models with similar hypotheses are included
at the expense of other equally plausible scenarios.

ICES (2022) developed an ensemble for Northern shrimp (Pandalus borealis), where the main uncertainty is in the
specification of natural mortality. To assign weights to the various models, a system of discrete weight categories
was used based on diagnostic scores (W(Diagnostics)) as weighting metrics (Maunder table., 2020) to judge the
plausibility of each model based on its fit to the data. The W(Diagnostics) components were calculated based on
a series of interconnected diagnostic tests as discussed by Carvalho et al. (2021)

(W(Diags1) + W(Diags:) ... + W(Diags,))/Num of W(Diags)
Each W component was then assigned a value of 1 when the run passes the diagnostic test, and a 0 if it fails.

A similar approach could be used by ICCAT, tasks then is to agree on the tests to include and possible relative
weights of the components. For example, do tests based on prediction and model residuals get the same weights.

Another issue is that are tests are also used for the development of scenarios, i.e. when failing a test requires
exclusion or the development of an alternative scenario.

5. Conclusions

—  The data are in conflict, and so different weighting schemes will give different results. MOR appears to
be driving the assessment, or obscuring signals from the other indices.

—  The next steps are to agree on scenarios based on a priori hypotheses and then define weights for model
averaging when providing advice.

—  The analysis should be re-conducted for SS3, i.e., do more information and associated assumptions.

—  More complicated models may resolve the data conflicts? However, more assumptions require more
validation.

—  Prediction skill can be used to choose indices for use in either a model or model-free MP. However, the
MP and indices used in an HCR must be common across OMs. I.e., you cannot pick and choose based
on individual OMs. What if indices for potential use in an empirical HCR have different trends,
averaging is likely to be wrong as the actual trend is more likely to be either or. A possibility is to run
an MP with two HCRs based on each scenario, but then to take the most precautionary advice. This
would also allow the value-of-information to be evaluated, as correctly identifying the unbiased index
would permit higher yield.
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Table 1. Accuracy metrics

Mean Absolute Error (MAE)
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Table 2. Summary of fits scenario; -CTP etc show runs when a single index was omitted.

Statistic All  CIDP1 CIDP2 CITgl CITg2 cTP JPN  MOR POR  SPN USAl1l  USA2 VEN -CTP  -JPN -MOR -POR -SPN USAi USAé -VEN
N 160.0 57.00 980 62.0 93.00 1500 28.00 12.0 2500 250 23.0 7.00 20.00 140.0 130.0 140.0 130.0 130.0 130.0 150.0 140.0
DF 130.0 46.00 83.0 51.0 78.00 8.00 21.00 50 18.00 18.0 16.0 0.00 13.00 120.0 110.0 120.0 110.0 110.0 110.0 130.0 120.0
DIC 420.0 -100.00 6.8 270.0 -360.00 -400.00 -430.00 -270.0 -180.00 -180.0 -290.0 -390.00 -480.00 410.0 360.0 270.0 97.0 110.0 300.0 400.0 490.0
RMSE 53.0 71.00 43.0 21.0 65.00 110.00 12.00 420 6.70 4.9 40.0 Inf 120.00 48.0 59.0 54.0 58.0 59.0 56.0 54.0 39.0
SDNR 15 0.94 13 16 0.94 0.79 0.77 1.2 0.71 0.6 1.2 0.62 0.75 16 1.4 15 13 13 15 15 16
P 21.0 11.00 150 11.0 15.00 7.00 7.00 7.0 7.00 7.0 7.0 7.00 7.00 19.0 19.0 19.0 19.0 19.0 19.0 19.0 19.0
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Table 3. MASE by scenario; -CTP etc show runs when a single index was omitted.
Index All One by One CIDP1 CIDP2 CiTgl CiTg2 -CTP -JPN -MOR -SPN -USAl -USA2 -WVEN
CTP  1.10 1.50 NaN 0.83 NaN 0.63 NaN 1.2 1.1 1.30 1.10 1.20 1.10
JPN 1.40 0.77 NaN 0.82 NaN 0.75 1.30 MNaN 1.2 2,10 130 1.30 1.40
MOR 0.73 0.89 0.60 NaN 0.75 NaN 0.76 0.7 NaN 066 074 074 0.74
POR 2.90 1.20 0.65 NaN 3.30 NaN 3.00 2.9 3.4 0.64 290 2.90 2.90
SPN 5.20 0.71 NaN 1.20 4.40 NaN 5.10 5.1 4.2 NaN 5.20 5.20 5.20
USAL NA NaN  NaN NA  NaN NA  NA NA NA NA NaN MNA NA
Usaz2 1.60 1.80 NaN 150 NaN 1.10 1.70 1.6 1.6 1.60 1.60 MNaN 1.60
VEN NA NaN NA  NaN NaN NA  NA NA NA NA NA NA  NaN

Table 4. Summary of runs test, i.e. do the indices pass, by scenario; -CTP etc show runs when a single index was

omitted.

name All One by One CIDP1 CIDP2 CITgl CITg2 -CTP -JPN -MOR -POR -SPN -USAl1 -USAZ -VEN

CTP  TRUE TRUE NA TRUE NA FALSE NA TRUE TRUE TRUE TRUE TRUE TRUE TRUE
JPN FALSE TRUE NA FALSE NA TRUE FALSE NA FALSE FALSE FALSE FALSE FALSE FALSE
MOR TRUE TRUE TRUE NA TRUE NA TRUE TRUE NA FALSE TRUE TRUE TRUE TRUE
POR  FALSE TRUE TRUE NA FALSE NA FALSE FALSE FALSE NA TRUE FALSE FALSE FALSE
SPN  FALSE TRUE NA FALSE FALSE NA FALSE FALSE FALSE FALSE NA FALSE FALSE FALSE
USA1 TRUE TRUE NA TRUE NA TRUE TRUE FALSE TRUE TRUE TRUE NA TRUE TRUE
USA2 TRUE TRUE NA TRUE NA TRUE TRUE TRUE TRUE TRUE FALSE TRUE NA TRUE
VEN FALSE TRUE FALSE NA NA FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE NA
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Figure 1. Time series of the CPUE indices, the continuous black line is a loess smother showing the average trend,;
i.e., fitted to year with series as a factor. Two clusters were chosen at the data prep meeting and are indicated.
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Figure 4. A plot of the correlation matrix for the CPUE indices, blue indicates a positive correlation and red
negative. The order of the indices and the rectangular boxes are chosen based on a hierarchical cluster analysis
using a set of dissimilarities for the indices.
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Figure 5. Cross correlations between indices.

620



Looco s
ocwmowmow

0.2
0.0
-0.2
-0.4

Year

5 o o o
w o wom

Pass | TRUE

Figure 6. Comparison of runs tests for the scenario that used all indices.
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Figure 7. Distributions of B/Bwmsy for scenarios where either all indices or only cluster 1 or cluster 2 were included.
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Figure 8. Distributions of F/Fysy for scenarios where either all indices or only cluster 1 or cluster 2 were included.
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