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Executive summary

The workshop on optimization of biological sampling (WKBIOPTIM4) was the fourth meeting
of a series of workshops aiming at collaborating on fish sampling optimisation processes across
ICES Member States. It aimed primarily at providing an update on the development of the
different simulation approaches presented and tested during the third workshop
(WKBIOPTIMS3), at working on shared indicators across these tools, and at creating an R package
for end users.

Multiple simulation approaches were discussed during the first three workshops, developed as
R scripts, and also contributed by separate projects (STREAM and FishPi?). The focus of
WKPBIOPTIM4 was on the following tools: [1] two STREAM tools, BioSimTool and SDTool; [2]
the Fishpi4WKBIOPTIM package; [3] SampleReferenceLevel (ADV); and [4] SampleOptim.
While there is no current follow-up on the FishPi? project that the group was made aware of,
progress has been made on the other approaches aforementioned: a project called STREAMline
is expected to build upon the outputs of STREAM; SampleOptim is being further developed and
applied in Portugal; and the SampleReferenceLevel (ADV) approach was published
(Wischnewski et al., 2020).

Over the week of the workshop, one subgroup focused on the development of an R-package for
indicators, with the objective of making the outputs of simulations comparable across
approaches and facilitating interpretation for end-users through documentation. A second
subgroup worked on testing the comparativeness of these tools in order to feed into this process
of comparison and interpretation across tools. Additionally, the effect of simulating sampling
with and without replacement on model outputs was discussed and some investigation was
conducted in two case studies: one using the SampleOptim tool with blue whiting data and the
other using data from a simulated population. Finally, a third subgroup focused on a significant
upcoming change which will affect the data input of the tools being developed, i.e. the move
from the current Regional Database (RDB) to the new Regional Database and Estimation System
(RDBES).

Future work on the WKBIOPTIM tools should include continuing development and testing, the
R-package development, and adaptations to accommodate the sampling schemes from the dif-
ferent RDBES hierarchies.
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Introduction

The Fourth Workshop on Optimization of Biological Sampling (WKBIOPTIM 4) chaired by Isa-
bella Bitetto (Italy), Gwladys Lambert (UK) and Patricia Gongalves (Portugal) met online, from
15t to 19t of November 2021, to:

a) Develop further indicators of length and age frequency data by i) testing the different
indicators and quality thresholds_using simulations and ii) preparing an R package with
the functions used to calculate them; (Science Plan codes: 3.3);

b) Consolidate and update existing open source code used in previous workshops (BIOP-
TIM1-3) and generalize for wider use, package code and document tools, and assess
compatibility of tools with use of standard data formats and sources; (Science Plan codes:
3.2);

c) Continue to provide support on the use of WKBIOPTIM tools with the aim of a future
optimization at national/stock/regional levels. (Science Plan codes: 3.2 and 3.3).

1.1 WKBIOPTIM 4 participants and agenda

The list of participants and the agenda for the workshop can be found in Annex 1 and Annex 2,
respectively.

1.2 Background to WKBIOPTIM 4 and work organization

The WKBIOPTIM series aims to develop tools in R that evaluate if sampling effort for biological
parameters (and associated resources) can be optimized without compromising the quality of
final estimates. The need for those tools had been highlighted by several ICES EG’s (e.g.
PGCCDBS 2012, PGDATA 2015, WKCOSTBEN 2016) that suggested that oversampling in the
lower stages of national sampling programs (e.g., number of trips, hauls within trips, fish within
hauls), combined with inefficient sampling effort distribution, may not be providing significant
additional information on the population. In response to this, some national labs started devel-
oping statistical tools with the aim of analysing and optimizing biological sample sizes. The aim
was to assess the impact of reducing sampling effort on age or length distribution estimates in
clear-cut cases of excessive sampling, or of increasing sampling effort where the information
collected may not be sufficient. This work was presented at the first WKBIOPTIM and jointly
developed by its participants thereafter.

All WKBIOPTIM R scripts are based on commercial sampling data extracted in the RDB format!.
Scripts for conversion of the DATRAS format to the RDB format have also been developed to
allow some of the WKBIOPTIM tools to run on research survey data (ICES, 2019a). Overall, the
main part of the preparation/development of the scripts was made prior to the WKs themselves,
with discussions and improvements being made during the WKs, and the final consolidation of
the work (code and case studies) being carried out in the days during/after the WK. The code is
already being used by some institutes to assess potential for improvements in sampling (e.g. by
reducing oversampled species or evaluate how to increase sampling in other that are under sam-
pled) (ICES, 2017, ICES, 2019a, ICES, 2019b). The R scripts were made available to the partici-
pants through the GitHub (ICES, 2019b) or the Sharepoint. The work performed during the
workshops has been presented in several groups and ICES working groups (STECF, WGBIOP,

1 https://www.ices.dk/marine-data/Documents/RDB/RDB%20Exchange%20Format.pdf
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WGCATCH, etc.) and have received positive feedback and good incentives to continue. How-
ever, in order for the WKBIOPTIM tools to be useful in the long-run, the data inputs will have to
move from the RDB format to RDBES. This will further add the possibility to make use of the
information contained in RDBES regarding the sampling designs in the simulations.

The fourth WKBIOPTIM aimed to continue working on the R scripts presented in previous work-
shops. During the workshop, the practical work was divided between three subgroups:

1. Developers: this group started to format the tools for compatibility within an R package,
together with documenting the functions; also started to develop functions for quality
indicators [TOR a); TOR b)].

2. Testing group: this group tested the tools available in WKBIOPTIM3 on other case stud-
ies and gave ideas on possible integrations and improvements. Sampling with and with-
out replacement was also tested [TOR a); TOR b)].

3. RDBES group: this group focused on the steps towards using the RDBES format [TOR

o).
1.3 R-tools description and new developments

Updates on new developments of a number of R tools considered in previous workshops were
presented to the group. Those were: Admissible Dissimilarity Value (ADV or SampleRefer-
enceLevel) (Section 1.4.1); STREAMlIine optimization tools (Section 1.4.2); SampleOptim (Section
1.4.3); and FishPi? (Section 1.4.4).

The slides from the presentations are included in Annex 3.

1.3.1  Admissible Dissimilarity Value (ADV)? (JW)

The proposed framework (ADV or SampleReferenceLevel), as well as the corresponding R tool,
was discussed at the third Workshop on Optimization of Biological Sampling (WKBIOPTIM3)
(ICES, 2019b), and then published in Wischnewski et al. (2020). The approach aims to identify a
reduced but still informative sample (subsample) and to quantify the (dis)similarity between
reduced and original samples. At the core of the approach is the concept of reference, or bench-
mark, subsample, which is the minimal representative subsample preserving a reasonably pre-
cise length frequency distribution (LFD) for a selected species. An iterative deterministic sub-
sampling procedure, based on defined conditions, returns a reference subsample, quantifies the
difference between the original sample and the reference subsample and provides a threshold
value. This threshold is called an admissible dissimilarity value (ADV).

The LFD always displays a range of modal length classes or modes (bumps, spikes) and anti-
modal length classes or antimodes (gaps, dips). Generally, LED is difficult to quantify. The stand-
ard bandwidth A =1 cm, recognized in standard Regional Database (RDB) Format, obviously
delivers the maximal number of modes and antimodes present in the data set, and can cause
some “spurious” modes and antimodes. The definition below helps to find a formal way to verify
the dissimilarities between LFDs of original sample and subsample.

Definition 1. Let M = (M;, M,, ...)T be modes and 4 = (4,,4,,...)T be antimodes of some LFD
with bandwidth 1 cm, and M smeothed — (MA M2, T be modes and A Smoothed — (48 44 T be
antimodes of the same LFD with selected bandwidth A >1 cm, where A = A (max species length).

We define a mode M; € M as a robust mode, if

2 SampleReferenceLevel

ICES
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(1) Mg < M; < Mg + A

(2) M; = max (My, My, ...)
(My,My,.. )E[Ma;ME+A]

(3) f(M;)>0.01- max(f(My), f(M,),...).

In the same way, an antimode 4; € A is a robust antimode, if

(1) AR<A;<AP+A

2) A; = min A A, ).
) J (AI,AZ,...)e[Aé;A$+A[( 1Az )

This definition helps to identify the so-called robust modes and antimodes, which continue to be
present in the subsample despite length class smoothing and, therefore, are not suspect to sam-
pling artefacts, “contaminating” the distributional shape.

The next definition provides the formal requirements of statistical-biological similarity between
original and subsampled LFDs.

Definition 2. Let M = (M;, M,, ...)” and 7 = (m,, m,, ...)" be robust modes and 4 = (4;, 45, ...)”
and d = (a,a,,..)" be robust antimodes of LFD of the original Sorig = So and reduced S,, sam-
ples, respectively. We define S, and S,, as similar, if:

(1) they have the same number of robust modes and antimodes revealed under chosen
bandwidth 4, i.e. dim(i7) = dim(M) and dim(d) = dim(A);
(2) for each corresponding pair m; , M; and a; , 4; :
|m; - M;|< € and |aj - A]-|S €, where ¢ = € (max species length)
lg(mp—-g(a))| S
[Fep—-fcapl —
reduced sampled LFDs at a point, respectively; j € {i; i + 1}, i € N, 0<0 <1.

(3) amplitudes ratio 0, where f(-), g(*) are the values of the original and

Roughly speaking, this definition states that the subsampled data set has to preserve the struc-
ture and specific patterns of the original data set, namely: 1) reveals the same number of robust
modes and antimodes; 2) allows the locations of modes and antimodes for larger specimens to
vary in some small interval defined by parameter ¢; 3) keeps distinguished differences between
adjacent modal/antimodal values, controlled by the parameter 6. If conditions (1)-(3) are satis-
fied, two data sets are indistinguishable in both integrated statistical-topological and biological
sense.

Next, a dissimilarity between the original sample and subsample needs to be measured in one
number. The following distance, delivering the dissimilarity between original sample S, and its
reduced subsample S,, with corresponding cumulative distribution functions (CDF) F and G, is
proposed:
D(So,Sn) = L1(F, G) +
¢ - 1{dim®@) # dim(V)} +
aim(V)

cy Z max(0, |v; - Vi| — &) - 1 {dim(?) = dim(V)} +

aim(V lgw)—-gwi—1)I P o
¢ - i) max (0.6 - Mm) -1 {dim(%) = dim(V)},

where
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F(l;) and G(l;) are the CDFs values in length class [,
Li(F,G) =Y j|F (lj) — G(lj)| is a L,-distance (also called 1-Wasserstein distance),
£(1;), 9(l;) are the LFD counts at the length class [,

V = sort(M,A) and ¥ = sort(in,d) are the sorted increasing sequences of the robust
modes and antimodes of the original sample and subsample, respectively,

1{¥}: ¥ - {0; 1} is indicator function, i.e. 1 {¥} = 1 if ¥ is true and 1 {¥} = 0 otherwise,
1, ¢; and c¢3 are some constants.

The first term is the L,-distance between two CDFs as mentioned above, and the three next terms
represent penalties, which are imposed for violation of constraints (1)-(3) in Definition 2. So, if a
number of robust critical points in the subsample is different from this number in the original
sample (violation of the condition (1)), then 1 {dim(%) # dim (7)} = 1 and the distance magnitude
equals to D = Li(F, G) + ¢y, so a constant penalty is applied to infeasible LFD of subsample. In
the same way, even by the equal number of modes/antimodes, the penalty term restrains their
shifts: if the shift |v; - V;| between some v; and V; exceeds ¢ (violation of the condition (2)), then
max(0, |v; -Vi| —€) = |v; - V;| — ¢, and the distance magnitude increases, D = L,(F,G) + ¢, -
(lv; - Vil = €). The constants ¢y, ¢, and c3 are introduced to define a hierarchy on constraints
violation, although they can be put equal to 1.

Obviously, for S, = S, we obtain the lower bound D = 0. The upper bound can be provided by
a minimally permitted reference subsample representing “the worst case”. This is a reference
subsample S, , which still reveals the patterns of the original distributional shape for given pa-
rameter values (A, 0, ¢) (i.e. meets conditions (1)-(3)), but cannot be reduced anymore because
further subsampling will change the LFD shape. We will call the corresponding distance
D(So, Sref), where G™ is the empirical CDF of S,,, the admissible dissimilarity value (ADV). It
represents a threshold (upper limit) to decide on acceptable and unacceptable dissimilarities be-
tween LFDs when reducing sampling effort. Thus, all subsamples S ={S,} with
D(Sy, Sy) €[0; ADV] can be considered as representative ones in relation to the original target sam-
ple, thus, suitable to access the original length distribution information. It's easy to see that
ADV=D(Sy, Syer) = Ly (F,G™), since all penalty terms are equal to 0.

Note that the set of parameters (4, 6, €) that we apply for construction of the reference subsample,
can be extended. One can introduce the following additional (optional) parameter y, y <6,
which indicates a minimally required number per length class in a reference subsample. This
parameter reflects the requirements of official national sampling programs in a certain sense (e.g.
minimal fish number per length class needed for aging). Of course, the parameter y can be also
set to zero (i.e. ignored).

One can also consider only some part of length classes I (important length classes) for subsam-
pling. For example, this can be just a middle part of the LFD, without large and small length
classes.

Formally, the iterative algorithm scheme can be described as follows:

1) Use the standard RDB data with length rounded to 1 cm as basic input data.

2) Select bandwidth A and important length classes I if desired, identify corresponding
robust modes/antimodes in the original sample under A on the set I'.

3) Set remaining parameters {6,v, €} .

4) Remove one length measurement from each length class in I/ and see whether conditions
(1)-(3) are satisfied. If yes, repeat the step. If no, go back to the previous subsample and
stop. If a number of length measurements in some length class reaches value v,

ICES
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subsampling of this length class stops either, but subsampling of other length classes
proceeds further until the conditions are met.

13.1.1 R-script
The corresponding generic iterative algorithm was implemented in the R-5.3.1 software. This R
tool contains 4 functions, namely:

1) 01_set_RDB_Data: data manipulation function. The input is the required RDB tables
(HL, CA, HH, SL). The function merges and filters the tables (e.g. selects species, years,
areas etc.), and then transforms into a single table that’s easier to work with for further
analysis. As an example, a R-function translating the RDBES format into RDB is availa-
ble at Annex 4. A graphical output contains the histogram of the result dataset.

2) 02_find_modes_antimodes: the function returns information on LFD structure of the
sample, i.e. a list including:

e All modes and antimodes;
¢ Smoothed modes and antimodes for the desired bandwidth parameter A;
e Robust modes and antimodes;
e Vector of amplitudes.
This function illustrates a setting of the Definition 1.

3) 03_minimal_reference_subsample_construction: the purpose of the function is a deter-
mining of the reference subsample. The input is the original sample (output of the func-
tion 1), robust modes and antimodes as well as amplitudes between them (output of the
function 2), desired parameters set. The iteration procedure based on the Definition 2
produces a reference subsample as the function output. A graphical output is also incor-
porated, particularly, both histograms of the original sample and reference subsample.

4) 04_compute_distance: the function computes ADV between the original sample and ref-
erence subsample obtained as an output of the function 3. A graphical output displays a
plot of both empirical CDFs of the original sample and reference subsample.

The case study presented in Section 4.1 demonstrates the application of the ADV-approach.

1.3.2  STREAMline (IB)

SDTool and BioSim tools were presented at WKBIOPTIM3 and a detailed description of both
approaches, with some applications, can be found in the report (ICES 2019b).

SDTool was implemented for the first time in the MARE/2014/19 Med&BS project, and further
improved as part of the STREAM project (MARE 2016/22). This tool allows to resample historical
data, using bootstrap, for different stratifications (spatial, temporal, technical), with trips as the
primary sampling unit. It produces a Coefficient of Variation (CV), raised LFDs, and the Earth
Mover Distance (EMD) estimate.

BioSim Tool was implemented for the first time in the STREAM project (MARE 2016/22), based
on the work carried out by WKBIOPTIM. This tool allows to resample historical data, using boot-
strap, and to derive possible sub-samples of length measurements and an optimal number of
individuals to be sampled for sex, maturity and age (the latter stratified by length class) by spe-
cies. It produces a Coefficient of Variation (CV) and the Earth Mover Distance (EMD) estimate.

New developments will take place in the STREAMlIine project (MARE/2020/08):

1. Development of additional quality indicators to the ones developed and tested in
STREAM taking into account:
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2. the work carried out in ICES WKBIOPTIM3

3. the Admissible Dissimilarity Value (ADV), as a measure of sampling reliability
(Wischnewski et al., 2020)

4. Evaluation of the variability of relevant estimates (e.g. von Bertalanffy parameters, size
at first maturity) and identification of a satisfactory sub-sampling strategy;

5. Development of SDTool and BioSim Tool to allow the extraction of samples from the

dataset used for the case study, according to combinations of technical, time and spatial
characteristics that could be relevant for specific case studies in order to draft a Regional
Work Plan (e.g. Country-Geographical Sub-Area, sensu GFCM). The sampling design
could be set according to a sampling hierarchy (e.g. from individual fish to trip)
indicating what sampling levels are included in the multi-stage sampling of the
commercial catches and how they are (hierarchically) related to each other, in line with
the RDBES concept.

1.3.3 SampleOptim (PG)

SampleOptim has been designed and implemented based on the Portuguese National
Programme for Biological Sampling (EU Data Collection Framework). The main objective is to
determine the optimal number of fish per length class to sample in order to produce input data
(e.g. ALKs — age length keys and MO - maturity ogive) for species stock assessment.
SampleOptim’s main feature is the ability to perform simulations allowing the consideration of
some stratification conditions based on: temporal (annual, semester or quarter), ports (uniformly
selection of ports/randomly ports selection or gears) and sexratio (setup the sexratio of
subsample).

The simulation process works at the sample level. It relies on a dataset that represents the
“whole” population, and the simulations are based on randomly subsampling without
replacement (although there is a built-in option for the user to choose to sample with replacement
- see on Section 4.2. an example comparing the results from applying those two types of
subsampling). ALKs and MOs estimates are produced and compared, based on a reduction of
the number of individuals sampled by length class. However, in cases where the original sample
size is not enough, the functions in the algorithms will not converge, which could indicate some
bias in the original data sampling.

A series of quality indicators are estimated to evaluate the different scenario tested and to help
the decision process of finding the optimum sample size by length class, accounting that ALKs
and MOs are of interest for stock assessment purposes. The following variables are produced to
compare the original versus simulated datasets: mean length-at-age, mean age-at-length,
coefficient of variation length-at-age, coefficient of variation age-at-length, standard deviation
length-at-age, standard deviation age-at-length, the parameters of the von Bertalanffy growth
model (Linf, t0 and k) and the maturity ogive parameters (L25, L50 and L75). Besides the latter
quality indicators, the root mean squared prediction error (RMSPE), mean squared prediction
error (MSPE or MSE) and mean average percentage error (MAPE) are also calculated.

SampleOptim was presented at WKBIOPTIMS3 (see for details: ICES, 2019 - Section 2.3 and Annex
3A). An outline of the approach is presented in Figure 1.4.3.

ICES
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Set of samples

1. Data exploratory analysis:
(1_Data exploratory analysis.R)

Lo _ .
v i .
Length distribution Number of samples by Port,
by year and by month
\ I )
Simulation setup: Sampling Ports:
(input_params.csv) " 7. 4 Uniformly distributed by sampling ports
] ) o
I I
La [ Ly Randomly distributed by sampling ports
¥ v v
Length classes: Temporalinterval: || SexRatio (SR):
Minimum length Year ("A") SE=0 (100% males)
Maximum length Semester (“S") SR=1 (100% females)
Intervals (bin) Quarter (“T") SE<0 (not defined the females and males proportion )

2. Simulation process run:
(2_Simulations.R)

v + +
Number of individuals by length class: Set temporal interval: Set a value for SexRatio:
j (example: (1,20, seq=1)) R e -1<5R<1

|

3. Statistical analysis and quality indicators for
decision based on simulation results

(3_Simulations_results_analysis.R)

Age-length key: Growth model parameters Maturity: Los, Lag, Ls
Mean length-at-age (VBGM):
CV length-at-age k, tge L

5D length-at-age
Mean age-at-length
CV age-at-length
5D age-at-length

o
From each simulation scenario, determination of:
Root mean square error (RMSE)
Mean square error (MSE)
Mean absolute percentage error (MAPE)

Final decision on the:

Optimal number of individuals

Figure 1.4.3. SampleOptim flowchart showing the optimization procedure with the indication of the different R scripts,
steps, type of options to setup the subsamples simulations and the different quality indicators used to assist the user
with making a decision in the optimum sample size.
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1.3.4  FishPi2 (GL)

The R package of FishPi? WP3, which aimed at simulating length sampling, was initially devel-
oped based on the main simulation framework of the FishPi project, which aimed at testing re-
gional sampling designs to estimate landings. Some adaptations were made during the third
workshop WKBIOPTIM3 to produce simulation outputs comparable with the other approaches
presented. These were all included in an R package called FishPi4WKBIOPTIM. At this stage, no
further developments have been made on this package which remains available to the group and
which still has great potential to be built upon in line with future directions of work in the field.

1.4 Quality indicators

Each tool produces some descriptive and inferential statistics, referred to as indicators. See sum-
mary of the WKBIOPTIMS3 case studies that aimed at comparing tool outcomes (Table 1.5.1) and
corresponding indicator overviews (Table 1.5.2).

The application of different tools using the same input data, in the WKBIOPTIM3 case studies,
highlighted the fact that the outputs of the different approaches were not easily comparable. In
some cases, the statistical outputs could even be challenging to interpret for users not involved
in developing the methods. This issue was addressed during WKBIOPTIM4 with the premises
of a common R package. Table 1.5.3 provides information on the data requirements for each
indicator, what they are used for, and which other tool might be able to produce it.

Table 1.5.1. List of case studies from WKBIOTPIM 3, main tools applied and outputs produced.
Case study Tool 1 Tool 2 Indicators

Plaice (ICES Div. 27.4.b) SampleReferencelevel - Admissible Dissimilarity Value (ADV)
Haddock (ICES Div. 27.7.e)
Plaice (ICES Div. 27.7.d)

Greece purse seine fleet WKBIOPTIM2 Multi- | SDTool Weighted CV (WCV)
level analysis

Mullus barbatus (Southern = SampleOptim BioSim Tool SampleOptim:  Mean  absolute

Adriatic Sea) percentage error (MAPE), CV
BiomSim Tool: CV

Mullus barbatus (Southern | SDTool FishPi4WKBIOPTIM SDTool: CV

Adriatic Sea) FishPi4: Relative Standard Error
(RSE), mean length

Sandeel (greater North & FishPi4WKBIOPTIM SDTool SDTool: CV

Sea) FishPi4: RSE, mean weigthed
(MWCV)

Mullus barbatus (Aegean | SampleOptim BioSim Tool SampleOptim: MAPE, Mean

Sea- Greece) Squared Prediction Error (MSPE),
Root Mean Squared Prediction Error
(RMSPE), CV.

BioSim Tool: CV
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produces it

Indicator

mean, median, minimum
and maximum length

Mean
(MwCcv)

Weighted CV

Earth Mover’s Distance
(EMD)

CV sex ratio at length,
maturity at length, ALK

CV per length class and
total

mean length-at-age,
mean age-at-length

parameters of the VB
growth model

maturity ogive parame-
ters

Root Mean Squared Pre-
diction Error (RMSPE)

Mean Squared Prediction
Error (MSPE)

Mean Average Percent-
age Error (MAPE)

Admissible Dissimilarity
Value (ADV)

Relative Standard Error
(RSE)

Descriptive

Descriptive

Inferential

Descriptive

Descriptive

Descriptive

Descriptive

Descriptive

Inferential

Inferential

Inferential

Inferential

Descriptive

What it does

Describes some aspects of the simu-
lated sampled length distribution

Provides a description of the precision
over the entire range of a length fre-
quency distribution

Provides an estimate of the similarity
between 2 distributions; the sample
and the population

Description of precision

Provides a description of the precision
over the entire range of a length fre-
quency distribution taking into ac-
count the sampling stratification.
Describes some aspects of the simu-
lated sampled length at age distribu-
tion

Provides an estimate of the parame-
ters from the von Bertalanffy growth
model (t0, k, Linf).

Provides estimates of maturity at
length, mainly: L25, L50 and L75

Provides an estimate of the standard
deviation of the residuals (prediction
errors).

Provides an estimate of the standard
deviation of the residuals (prediction
errors).

Provides an estimate of the standard
deviation of the residuals (prediction
errors).

Estimate of dissimilarity between
original and sampled length distribu-
tion

Calculated as the standard deviation
over the mean of estimates (across
simulation replicates)

Table 1.5.2. Indicator, type of statistics produced, description of what it does, and the corresponding tool that originally

Which tool it is originally

an output of

BioSimTool

BioSimTool

BioSimTool
SDTool

(function from R package
emdist)

BioSimTool

SDTool — function from
the COST library

SampleOptim

SampleOptim

SampleOptim

SampleOptim

SampleOptim

SampleOptim

SampleReferencelevel

FishPi4WKBIOPTIM
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Table 1.5.3. Information on data requirements and objectives of the indicators, and what other tool could produce it.

Indicator

mean, median, minimum and
maximum length

Mean Weighted CV (MWCV)

Earth Mover’s Distance (EMD)

CV sex ratio at length, maturity
at length, ALK

CV per length class and total

mean length-at-age, mean

age-at-length

parameters of the VB growth
model

maturity ogive parameters

Root Mean Squared Prediction
Error (RMSPE)

Mean Squared Prediction Error
(MSPE)

Mean Average Percentage Er-
ror (MAPE)

Admissible Dissimilarity Value
(ADV)

Relative Standard Error (RSE)

Data required

Length data of sample and
population

Length data of sample and
population

Length data of sample and
population

Sex, maturity, age-length
data of sample and popu-
lation.

Length frequency distri-
bution of sample and pop-
ulation

Lengths and ages of sam-
ple and population.

Lengths and ages of sam-
ple and population.

Maturity and lengths of
sample and population.

Length data of sample and
population

Meaning/objective

Compare with the original
population sampled used as a
reference level.

The smaller the CV the better.

The smaller the EMD the better.

EMD measure the distance be-
tween two probability distribu-
tions (e. g. sample and popula-
tion)

The smaller the CV the better.

The precision of the sample for
sex, maturity and age is evalu-
ated versus the total of individu-
als sampled for the length, by
length class.

ALKs from the subsample are
used to compare with the origi-
nal population sampled (used as
a reference). The precision is
evaluated by the age length dis-
tribution obtained on the sub-
samples from the simulations.

The smaller the CV the better.

Compare with the original popu-
lation sampled used as a refer-
ence level (population).

Compare with the original popu-
lation sampled used as a refer-
ence level.

Compare with the original popu-
lation sampled used as a refer-
ence level.

Used as a measure of precision
to decide on the optimum sam-
ple size.

Used as a measure of precision
to decide on the optimum sam-
ple size.

Used as a measure of precision
to decide on the optimum sam-
ple size.

Which R-tool can it be
applied to

Any tool

Any tool

Any tool

BioSim, SampleOptim

Any tool

BioSim, SampleOptim

BioSim, SampleOptim

BioSim, SampleOptim

Any tool

Any tool

Any tool

Any tool

Any tool

ICES
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1.5 R-package

1.5.1 Process

An R-package has been created and the source code is hosted on GitHub at:

https://github.com/ices-eg/WKBIOPTIM4

Hosting in this way allows the tools to be easily available, well documented, and compatible,
able to be installed on Mac/PC/Linux OS’s and any version of R.

GL and NC have acted as the maintainers. GitHub allows the use of separate ‘branches” which
has enabled other contributors to work on adding tools, data, documentation and functions in-
dependently before these are merged to a main branch. Use of the ‘roxygen2’ package has
streamlined the adding of documentation and examples.

1.5.2 Functions description

During the workshop, the developers’ sub-group started to code the functions for the indicators.
Table 1.6.2 reports the state of completion of these functions, as off the end of the workshop
week. Four functions were written up to be added to the GitHub repository: MWCV, maturity
ogive parameters, CV of ALK and summary indicators. The description of those functions and
the type of the input data needed for each function is presented in sections 1.6.2.1 to 1.6.3.4.

Table 1.6.2. State of completion of the indicators’ functions during the workshop.

Indicator Status
Mwcv v
Earth Mover's Distance (EMD) emd2 package

CV per length class and total

Mean age-at-length

Parameters of the von Bertalanffy growth model

Maturity ogive parameters v

Mean squared prediction error (MSPE)

Mean average percentage error (MAPE)

Admissible Dissimilarity Value

Relative standard error (RSE) FishPi4WKBIOPTIM package
CV of ALK by age and total v

Summary statistics (mean length, median, se, min, max, number of sampled | Vv
classes)


https://github.com/ices-eg/WKBIOPTIM4
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1.5.2.1 MWCV (mean weighted CV) calculation

MWCV {BIOPTIMtools} R Documentation

Description

MWCV (mean weighted CV) calculation

Usage

MWCV(df1, variable)

Arguments

dfl: data frame of sampled data by length class in CA format (RDB) (individual measurements)
variable: name of the column containing the length measurements (as character)
Value

MWCV

Examples

MWCV(example_samples,"lenCls")

1.5.2.2 Maturity ogive parameters estimation (L25, L50, 75)

Maturity_ogive {BIOPTIMtools} R Documentation
Description

Maturity ogive parameters estimation (L25, L50, L75)

Usage

Maturity_ogive(data)

Arguments

Data: Dataframe with information from the simulations, containing the following variables:
length, maturity (0- immature; 1 - mature); IDsim (identification of the number of the sim-
ulation run); type (number of individuals selected in the current simulation, e.g. 10, 20, 30,

)
Value
L25 (length at which 25 percent of the individuals are mature)
L50 (Iength at which 50 percent of the individuals are mature)

L75 (length at which 75 percent of the individuals are mature)

ICES
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1.5.2.3 Age-Length Key CV (by age and total)

CV_ALK {BIOPTIMtools} R Documentation

Description

Function to calculate CV on ALK

Usage

CV_ALK(DF)

Arguments

DF: dataframe with lengths in the first column and ages on the other columns
Value

CV by age class and total CV

Examples

CV_ALK(example_ageLength)

1.5.2.4 Make_summary_numeric

Description

Summary statistics calculation: mean length, se, median, min, max, n classes sampled
Usage

make_summary_numeric(df1, variable, a, b)
Arguments

dfl: data frame of sampling data

variable: "lenCls"

a: coefficient of length-weight relationship
b: coefficient of length-weight relationship
Value

table reporting the different estimates
Examples

make_summary_numeric(example_samples,"lenCls",a=0.0006,b=3)

13
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RDBES

2.1 Brief overview of RDBES data model

In this section, the text was adapted and summarized from “Documentation of the Regional Da-
tabase and Estimation System - RDBES Data Model doc. v. 1.19.2 (23 September 2021)".

RDBES is the new Regional Database and Estimation System that is currently being developed
by ICES and, in the longer term, it will replace both the current RDB and InterCatch systems,
providing a single platform for countries to produce statistical estimates of quantities of interest,
to be used as inputs for the assessment groups.

The aims of the RDBES are:

1) To ensure that data can be made available for the coordination of regional fisheries data
sampling plans, in particular for the EU DC-MAP Regional Coordination Groups (RCGs);

2) To provide a regional estimation system such that statistical estimates of quantities of inter-
est can be produced from sample data;

3) To increase the data quality, documentation of data and ensuring of approved estimation
methods are used;

4) To serve and facilitate the production of fisheries management advice and status reports;

5) To increase the awareness of fisheries data collected by the users of the RDBES and the
overall usage of these data.

The RDBES data model allows the accommodation of different designs present in the national
sampling programmes and it includes a number of different hierarchies, representing the differ-
ent sampling techniques that are used in practice. Two categories of hierarchies are used in the
model - the upper hierarchy describes how a sample is selected, and the lower hierarchy that
describes what type of length-frequency or biological variables are measured for that sample.

The RDBES documentation can be found in: https://github.com/ices-tools-
dev/RDBES/blob/master/Documents/RDBES%20Documenta-
tion%200f%20the%20Data%20Model.docx

. Hierarchies, general: p. 14

° Hierarchies, detailed: Annex 1, p. 28

° Stratification: Section ‘Stratification ’, p. 19

. Commercial Landings (CL) and Commercial Effort (CE): Section ‘Aggregated Commer-

cial Landings (CL) and Commercial Effort (CE)’, p. 7

The RDBES data model links:

. Commercial Landings (CL) and Commercial Effort (CE): https://github.com/ices-tools-
dev/RDBES/blob/master/Documents/RDBES%20Data%20Model %20CL %20CE.xlsx
. Commercial Sampling (CS): https://github.com/ices-tools-dev/RDBES/blob/master/Doc-

uments/RDBES%20Documentation%200f%20the%20Data%20Model.docx &



https://github.com/ices-tools-dev/RDBES/blob/master/Documents/RDBES%20Documentation%20of%20the%20Data%20Model.docx
https://github.com/ices-tools-dev/RDBES/blob/master/Documents/RDBES%20Documentation%20of%20the%20Data%20Model.docx
https://github.com/ices-tools-dev/RDBES/blob/master/Documents/RDBES%20Documentation%20of%20the%20Data%20Model.docx
https://github.com/ices-tools-dev/RDBES/blob/master/Documents/RDBES%20Data%20Model%20CL%20CE.xlsx
https://github.com/ices-tools-dev/RDBES/blob/master/Documents/RDBES%20Data%20Model%20CL%20CE.xlsx
https://github.com/ices-tools-dev/RDBES/blob/master/Documents/RDBES%20Documentation%20of%20the%20Data%20Model.docx
https://github.com/ices-tools-dev/RDBES/blob/master/Documents/RDBES%20Documentation%20of%20the%20Data%20Model.docx
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a)

b)

https://github.com/ices-tools-dev/RDBES/blob/master/Docu-
ments/RDBES%20Data%20Model%20VD%20SL.xIsx

More comprehensive description of the lower hierarchies
i. Lower hierarchies include four types of collecting biological samples and they all link
to the Upper Hierarchies with the SA table (sample). The tables included in these hierar-
chies are the frequency measure (FM) and biological variable (BV).
1. Lower Hierarchy A: Length stratified biological samples - both FM and BV tables
are present
2. Lower Hierarchy B: Only length frequency data is taken from sample(s)/subsam-
ple(s) - only FM table is present
3. Lower Hierarchy C: All individuals in the sample/subsample are biologically ana-
lysed - only BV table is present
4. Lower Hierarchy D: No length measurements or biological analyses - no tables pre-
sent

Brief description of the main differences between the two formats:

There are major differences for the Commercial Sampling (CS) information between the
two formats. In RDB, there are five common tables (TR (trip), HH (station/haul), SL
(species list), HL (haul length) and CA (catch aged)) that are used by countries for all
types of commercial sampling data (onboard, onshore, and biological sampling). In the
RDBES the structure is more complex and the number and kind of tables present is de-
pendent on the type of sampling, and also accommodates the sampling design (hie-
rarchy) used by each country. This means that the information present in one table from
the RDB can be present in different types of tables from the RDBES, according to the
hierarchy adopted. An example for compiling the information present in the CA table in
RDB using the new RDBES format is presented in Table 2.1.1 (upper hierarchies) and
Table 2.1.2 (lower hierarchies). The complexity presented in these tables showed how
difficult would be to convert the RDB to the RDBES format.

15
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Table 2.1.1. Example of an attempt to convert the CA table variables from RDB into the RDBES format, accounting for the upper hierarchies.
RDB RDBES Upper hierarchies
RDBTable RDBVariable Hierarchy 2
RDBESTable RDBESVariable
CSCA CS_Tripld FT FTid FT FTid FT FTid
CSCA SamplingType FT FTsamplingType FT FTsamplingType FT FTsamplingType
CSCA LandingCountry FT [FTarrivalLocation] FT [FTarrivalLocation] FT [FTarrivalLocation]
CSCA VesselFlagCountry |VD VDflagCountry (link to VD from VS | FT) [VD VDflagCountry (link to VD from FT) VD VDflagCountry (link to VD from VS | FT)
CSCA Year DE DEyear DE DEyear DE DEyear
CSCA Quarter . . .
FT FO [FTarrivalDate], [FOstartDate], FT, FO [FTarrivalDate], [FOstartDate], FT.FO [FTarrivalDate], [FOstartDate],

CSCA Month [FOendDate] [FOendDate] [FOendDate]
CSCA Project DE DEsamplingScheme DE DEsamplingScheme DE DEsamplingScheme
CSCA Trip FT FTsequenceNumber FT FTsequenceNumber FT FTsequenceNumber

i FOsequenceNumber,
CSCA StationNo FO, OS, LE FO FOsequenceNumber FO FOsequenceNumber

OSsequenceNumber,

CSCA Species SA SAspeciesCode, (SAspeciesCodeFAO)
CSCA Sex SA SAsex
CSCA CatchCategory SA SAcatchCategory
CSCA LandingCategory SA SAlandingCategory
CSCA SizeCategoryScale |SA SAcommSizeCatScale
CSCA SizeCategory SA SAcommSizeCat
CSCA Area SA SAarea
CSCA StatisticalRectangle |SA SArectangle
CSCA Subpolygon SA SAgsaSubarea

[information can be extracted from this variable]
(optional table/field)
Information from SA table is common to all hierarchies
No information




ICES

WKBIOPTIM4; OUTPUTS FROM 2021 MEETING 2022

Table 2.1.1. (continued). Example of an attempt to convert the CA table variables from RDB into the RDBES format, accounting for the upper hierarchies.

RDB RDBES Upper hierarchies
RDBTable RDBVariable Hierarchy 4 Hierarchy 6
RDBESTable RDBESVariable RDBESTable RDBESVariable
CSCA CS_Tripld FT FTid (FT) (Ftid) FT FTid
CSCA SamplingType FT FTsamplingType (FT) (FTsamplingType) FT FTsamplingType
CSCA LandingCountry LE LEcountry LE LEcountry FT [FTarrivalLocation]
CSCA VesselFlagCountry [VD VDflagCountry (link to VD from FT | LE) [VD VDflagCountry (link to VD from LE) VD VDflagCountry (link to VD from FT)
CSCA Year DE DEyear DE DEyear DE DEyear
CSCA Quarter ) ) )
05, T, LE [OSsar"anlngDate], [FTdepartureDate], 05, (FT), LE [OSsar.npllngDate], [FTdepartureDate], 05, T, (LE) [OSsar.npllngDate], [FTdepartureDate],
CSCA Month [FTarrivalDate], [LEdate] [FTarrivalDate], [LEdate] [FTarrivalDate], [LEdate]
CSCA Project DE DEsamplingScheme DE DEsamplingScheme DE DEsamplingScheme
CSCA Trip FT FTsequenceNumber (FT) (FTsequenceNumber) FT FTsequenceNumber
CSCA StationNo 05, LE 0OSsequenceNumber, 05, LE 0OSsequenceNumber, 05, FO 0OSsequenceNumber,
LEsequenceNumber LEsequenceNumber FOsequenceNumber
CSCA Species
CSCA Sex
CSCA CatchCategory
CSCA LandingCategory
CSCA SizeCategoryScale
CSCA SizeCategory
CSCA Area
CSCA StatisticalRectangle
CSCA Subpolygon

[information can be extracted from this variable]
(optional table/field)
Information from SA table is common to all hierarchies
No information

17
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Table 2.1.1. (continued). Example of an attempt to convert the CA table variables from RDB into the RDBES format, accounting for the upper hierarchies.

RDB RDBES Upper hierarchies
RDBTable RDBVariable Hierarchy 8
RDBESTable RDBESVariable
CSCA CS_Tripld (FT) Ftid
CSCA SamplingType (FT) FTsamplingType
CSCA LandingCountry oS [OSlocode] (FT) [FTarrivalLocation] LO [Lolocode]
CSCA VesselFlagCountry |VD VDflagCountry (link to VD from LE) VD VDflagCountry (link to VD from VS | LE) [VD VDflagCountry (link to VD from LE)
CSCA Year DE DEyear DE DEyear DE DEyear
CSCA Quarter
0s, (LE) [0SsamplingDate], [LEdate] LE, (FT) [LEdate], [FTdepartureDate], (LE) [LEdate]
CSCA Month [FTarrivalDate]
CSCA Project DE DEsamplingScheme DE DEsamplingScheme DE DEsamplingScheme
CSCA Trip FT FTsequenceNumber
CSCA StationNo 0S, (LE) OSsequenceNumber, LE LEsequenceNumber LO, TE LOsequenceNumber,
(LEsequenceNumber) TEsequenceNumber
CSCA Species
CSCA Sex
CSCA CatchCategory
CSCA LandingCategory
CSCA SizeCategoryScale
CSCA SizeCategory
CSCA Area
CSCA StatisticalRectangle
CSCA Subpolygon

[information can be extracted from this variable]

(optional table/field)

Information from SA table is common to all hierarchies
No information
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Table 2.1.1. (continued). Example of an attempt to convert the CA table variables from RDB into the RDBES format, accounting for the upper hierarchies.

RDB RDBES Upper hierarchies
RDBTable RDBVariable Hierarchy 10 Hierarchy 12
RDBESTable RDBESVariable RDBESTable RDBESVariable
CSCA CS_Tripld FT FTid FT FTid (FT) Ftid (FT) Ftid
CSCA SamplingType FT FTsamplingType FT FTsamplingType (FT) FTsamplingType (FT) FTsamplingType
i X . [LOlocode], [LOlocode], i X
CSCA LandingCountry FT [FTarrivalLocation] LO, FT ) . LO, (FT) ] . (FT) [FTarrivalLocation]
[FTarrivalLocation] [FTarrivalLocation]
CSCA VesselFlagCountry |VD VDflagCountry (link to VD VDflagCountry (link to VD VDflagCountry (link to
VD from VS | FT) VD from FT | LE) VD from LE)
CSCA Year DE DEyear DE DEyear DE DEyear DE DEyear
CSCA Quarter [FTde;.)artureDateJ, [FTdepartureDate], [LEdate], [FOstartDate],
FT, FO [FrarrivalDate], FT, (LE) [FtarrivalDate], LE, (FT) [FTdepartureDate], FO, (FT) [FOendDate],
CSCA Month [FOstartDate], . [FTdepartureDate],
[EQendDatel [LEdate] [FrarrivalDate] [FTarrivalDatel
CSCA Project DE DEsamplingScheme DE DEsamplingScheme DE DEsamplingScheme DE DEsamplingScheme
CSCA Trip FT FTsequenceNumber FT FTsequenceNumber |[(FT) FTsequenceNumber (FT) FTsequenceNumber
CSCA StationNo FO FOsequenceNumber LE LEsequenceNumber  [LE LEsequenceNumber FO FOsequenceNumber
CSCA Species
CSCA Sex
CSCA CatchCategory
CSCA LandingCategory
CSCA SizeCategoryScale
CSCA SizeCategory
CSCA Area
CSCA StatisticalRectangle
CSCA Subpolygon

[information can be extracted from this variable]

(optional table/field)
Information from SA table is common to all hierarchies
No information
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Table 2.1.2. Example of an attempt to convert the CA table variables from RDB into the RDBES format, accounting for the lower hierarchies.

RDB RDBES Lower hierarchies
RDBTable RDBVariable Hierarchy B Hierarchy D
RDBESTable RDBESVariable RDBESTable | RDBESVariable
X SAspeciesCode, SAspeciesCode, SAspeciesCode,
CSCA Species [SA] (SAspeciesCodeFAQ) [SAl (SAspeciesCodeFAQ) [SA] (SAspeciesCodeFAQ)
CSCA Sex BV BVtypeMeasured::Sex BV BVtypeMeasured::Sex
CSCA LengthCode BV Bvaccuracy No data BV Bvaccuracy
CSCA AgingMethod BV BVmethod BV BVmethod
BVtypeMeasured::LengthTotal (+
CSCA LengthClass FM FMclassMeasured M FMclassMeasured BV other type length
measurements)
CSCA Age BV BVtypeMeasured::Age BV BVtypeMeasured::Age
CSCA AgePlusgroup : : No data
BVtypeMeasured::InfoOtolithMo BVtypeMeasured::InfoOtolithMo
CSCA OtolithWeight BV rphometrics BV rphometrics
BVtypeMeasured::InfoOtolithMo BVtypeMeasured::InfoOtolithMo
CSCA OtolithSide BV rphometrics No data BV rphometrics
BVtypeMeasured::WeightMeasur BVtypeMeasured::WeightMeasu
CSCA Weight BV ed BV red
CSCA MaturityStagingMethod BV BVmeasurementEquipment BV BVmeasurementEquipment
CSCA MaturityScale BV BVvalueUnitOrScale BV BVvalueUnitOrScale
CSCA MaturityStage BV BVtypeMeasured::Maturity BV BVtypeMeasured::Maturity
CSCA SingleFishld BV BVfishid BV BVfishid

[information can be axtracted from this variable]

(optional table/field)

;- "droplist" selection for type of variable

Not present in RDBES
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C) Changes to the Commercial Landings (CL) and Effort (CE)

1. The CL and CE tables are to collect aggregated data from national commercial fisheries.
Both tables have the same structure between the two formats but the one from RDBES
presents more detailed information namely it allows for both official and scientific esti-
mates of landings and effort to be presented, and also includes uncertainty indicators
(RSE or qualitative bias) when estimates are provided.

2.2 Transition to RDBES model

The importance of using the RDBES data in these tools mainly relates to the benefits in consid-
ering the sampling design in the optimization procedures, because the data provided by RDBES
is more complete and detailed (e.g. different types of measures), also aiming to reproduce the
exact way the sampling was performed.

The translation of the RDB format related tools into the RDBES will become a need also because
it is expected that historical data will be reported in the new RDBES format. However, that trans-
lation is not very easy and straightforward to accomplish at this stage, especially for the Sam-
pling Level R-tools, that will need an adaptation to include/accommodate the type of sampling
design (Upper Hierarchies) adopted. This transition to the new format will not be easy for some
of those tools and, probably, can only be developed after the estimation procedures for the
RDBES (WKRDB-EST?2) ICES, 2022) are implemented, and by combining efforts between the two
groups (estimation and optimization). Regarding the Sample Level R-tools, it will probably be
more easy to adapt because they’re only accounting for information from the Lower Hierarchies
but, anyway, the code will still need to be adjusted according to the Lower Hierarchy considered.

2.3 Linkage of the different hierarchies to the R-tools

The group discussed how the different hierarchies could be related to each of the WKBIOPTIM
tools. For some of the tools the upper hierarchy can be ignored (e.g. BioSim, SampleOptim and
SampleLevelOptim) but not the lower one (A, B and C for BioSim, B for SampleOptim and Sam-
pleLevelOptim). For others, it was possible to identify a category candidate for the upper hier-
archy to use (e.g upper hierarchies H1 for SampleReferenceLevel, H2 for SDTool and SimPop
and H1, H2, H4 for Fishpi4WKBIOPTIM; and H12 for the sample collection on SampleOptim).
Table 2.3 presents a summary of the WKBIOPTIM R-tools, including some additional details on
the RDBES hierarchies (lower and upper) “assignment”.

In the table below the main characteristics and features of the R-tools developed and/ or applied
under WKBIOPTIM are presented (Table 2.3).
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Table 2.3. WKBIOPTIM tools main characteristics and features.

(raised within the tool) [2] data

SDtool SampleOptim SampleLevelOptim SampleReferencelLevel
Landings (or discards or catch) No No No No No No No
Mean length No No Yes No No yes No
Length distri! Yes Yes Yes Yes Yes Yes Yes
VARIABLE(S) OF
INTERE(S':' Mean age at length No No No No Yes No, but can be extended No
(what the ision is Age distributi No Yes No No Yes Yes No, but can be extended
P for) Sex ratio No Yes No No Yes Yes No
ity at age No Yes No No Yes Yes No
Inf le [1] lati
nference on sample [1] or population 2l 2 a 2 2 a 2
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Table 2.3. (continued). WKBIOPTIM tools main characteristics and features.

CL)

CA format)

R-toools SDtool BioSim Tool Fishpi4WKBIOPTIM SimPop SampleOptim SampleLevelOptim SampleReferencelevel
1: Single level unstratified
SAMPLING HIERARCHY|2: Single level stratified 12 1 1,2 3 1,2 12 1
3: Multi-level
Yes (b lecti hoi f ifi
Technical (eg metier) Yes N/A Yes Yes e (_ Yse e(_: e yes (choice of specific metiers) Vs e 0|ce. of speaific
specific metiers) metiers)
Yes (by selecting . . . .
h f fic ICES h f fic ICES
Spatial (eg GSA, ICES areas) Yes N/A Yes Yes specifican ICES area, ves (Eirieae s)pecl ' Vs (Eiete2e s)pecl '
STRATIFICATION or GSA) i ares
OPTIONS Y b lecti
es(.\./se S yes (choice of specificyearand | yes (choice of specific year
Temporal (eg year) Yes N/A No Yes specific quarter,
quarter) and quarter)
semester, year)
other (specify) N/A N/A N/A Vessel paramters (length, SerEnie), EEi any biological variable (e.g, choice of specific sampling
GT...) length, sex) type
Stratification is free At
Stratification is free text
text at the PSU level, N ATy
. . . . ) at the PSU level, but the . Not relevant - resampling Stratification is free text at
RDBES (free text for all sampling unit levels) |Fixed options N/A but the input needto |, N Fixed . .
. A input need to be in the within a single sample the PSU level
be in the input data - oGl
to be checked P!
1: all sp in I
CONCURRENT :: n se:e: Whll":th 7peues't° :anl'Tl 3 3 3 184 4 4 4
SAMPLING : can select mulitple species but will run
one by one
4: one species at a time
RDB: HL, HH, HL (for length).
RDB (CS, CA, TR, HH, RDB (CS, CA, TR, HH, HL, Can be added: CA (f b
RDB ( g RDB (CA, HH) RDB (HL, HH, SL, TR) ( & RDB (CA, HH) Yes (CA, HH) ang added f(l;';)atge)
INPUT DATA 2 orraising o °
metier level)
Cost objects (CS and Datras, HH (after conversion to
Other format D ( N/A FishPi data call No N/A ( verst Datras
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Table 2.3. (continued). WKBIOPTIM tools main characteristics and features.

classes sampled,
Number of modes.

calculate user-defined
outputs)

EMD, CV, MWCV

WKBIOPTIM3

see section 2.1 of WKBIOPTIM1

R-toools SDtool BioSim Tool Fishpi4WKBIOPTIM SimPop SampleOptim SampleLevelOptim SampleReferenceLevel
MWCV, EMD, Number [RSE, MWCV (raw
f si tputs all t ction 2.3 of
OUTPUTS Quality indicators (eg EMD) EMD, CV o S OLEpLIts allowito See section 230

L1-distance (ADV)

Example_Question

same number of
individuals
measured?

Would the precision
of the sampling have
been very different if
we had sampled more
trips mantaining the

information (sex

age structure) have

individuals per
sample?

Would the precision
of the sampling and
the derived biological

ratio, maturity ogive,

been very different if
we had sampled less

What would be the
precision in length
estimations for a given
species with a given
sampling design (with
a given choice of strata
and sampling effort at
the trip level) fora
domain of interest
(e.g. at the stock
level)?

What is the effect of
decrease the number of
samples on population
estimates?

Would the precision
of the sampling and
the derived biological
information (maturity
ogive, age-at-length)
have been very
different if we had
sampled less
individuals (e.g. per
sample, quarter, port,
metier/fleet)?

Would the results of a sample
(or set of samples) have been

very different if we had
sampled less individuals?

Would it be possible to
reduce the number of

metiers/trips/hauls/measure
d individuals in area/domain

X without significant

affecting the LFD for species

Y? The underlying LFD
depends on chosen

aggregation level (raising at
metier level, trip level etc.)
and is defined by practical
goals (e.g. we compare our
national LFD for species Y in
area X with corresponding

LFD of all EU states).
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2.3.1 Stratification

In the RDB format, no information on stratification is available at any of the sampling levels. In
the RDBES it is possible to declare stratification on all the sampling levels. The field for stratifi-
cation is a free text field, so it is possible to support the variety of stratification being used in
commercial catch sampling e.g. size sorting categories, distance to sampling facilities and
big/small harbours.

Most of the tools in the WKBIOPTIM suite have a fix set of possible stratification e.g. time, space
and gear selectivity, which do not always fit the stratification needed in real sampling programes,
so it would be beneficial to make the stratification options more generic in the future e.g. free
text.

Further, when using past samples for optimization it is important to take the stratification used
in the past into account, e.g. it is tricky to combine age samples from random sampling with age
samples from length stratified sampling. Only a couple of the tools in the WKBIOPTIM suite take
the past sampling design, including stratification, into account and it would be beneficial to im-
plement the possibility to do so.
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Sampling with and without replacement

To think about resampling with or without replacement, assume a dataset (S0) was collected
from a larger population (P). If SO were infinitely large, then every estimator (e.g. mean or length
frequency distribution) from P would be known with perfect precision and no uncertainty. In
general, for any size S0, the statistics about SO can be calculated with a perfect precision, e.g.
because the mean of S0 is known. However, because S0 is not infinitely large, we do not know
the exact mean (and other estimators) of P. To calculate the uncertainty of statistics for P, it is
necessary to resample with replacement (i.e. bootstrap) the SO dataset, to represent the distribu-
tion of P that we don’t know but is assumed to be similar to SO. Therefore, if it is necessary to
make inference about P, then the resampling should be done with replacement. Alternatively, if
the scope of inference is SO (i.e. SO is the extent over which the inferences are to apply), then we
have all the information in that sample, S0. We can ask what might happen if we had collected a
dataset smaller than SO by looking at random subsets/subsamples of SO, i.e. resample without
replacement. If we want to ask what would happen if we repeated the process of taking a sample
from P that was smaller, then we would need to resample with replacement.

3.1 Literature review

The bootstrapping technique was first considered in a systematic manner by Efron (1979).

The essence of bootstrapping is the idea that, in absence of any other knowledge about a
population, the distribution of values found in a random sample of size n from the population is
the best guide to the distribution in the population (Manly, 1997).

The infinite population that consists of the n observed sample values, each with 1/n probability
to be extracted, is used to model the unknown real population. The sampling is with
replacement, which is the only difference in practice between bootstrapping and randomization
in many applications.

When we sample with replacement, the two sample values are independent. Practically, this
means that what we get on the first one doesn't affect what we get on the second. Mathematically,
this means that the covariance between the two is zero.

In sampling without replacement, the two sample values aren't independent.

The Recycling Rate (RR) is an indicator of the percentage of re-use of the same sample when
running the bootstrap; in the sampling with replacing, the RR is more affected.

In cases of a huge number of samples to be re-sampled the 2 approaches (with and without
replacement) are expected to provide similar results, because the probability of extraction of each
sample in the cases become very similar (1/n similar to 1/(n-1) when n is big). The test on a
simulated population has been carried out to explore how the 2 approches work on the same
artificial dataset, on which the real characteristics were known.
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3.2 Case studies applying a subsampling with and without
replacement

A case study applying SampleOptim to test the sampling with and without replacement, in
order to compare the outputs of sampling optimisation output on real sample data, is pre-
sented in section 4.2.

A preliminary simulation study, using simulated data, was performed applying different sub-
sampling designs (with and without replacement) to evaluate the accuracy of the estimates of
mean and standard deviation for length-at-age. The results from this application are presented
in section 4.3.
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Case studies

4.1 Admissible Dissimilarity Value (ADV)3 — The case study
of Red Mullet in the Aegean Sea (GSA 22)

The ADV analysis was performed on Red Mullet in the Aegean Sea (GSA 22) for the year 2019
and for the 1st quarter. The data were collected as part of the Greek Data Collection Framework
onboard sampling. For bottom — trawlers, biological data are collected through onboard sam-
pling and the sampling scheme is based on fishing trips. Both landings and discards are recorded
for catches and individual lengths are recorded for almost all species caught.

ADV is a tool described in Wischnewski et al. (2020) for comparing an LFD with sub-samples of
itself in order to calculate the minimum subsample that holds the same properties as the original
one.

4.1.1 Construction of the reference subsample

In order to minimize the number of samples needed to be taken and at the same time preserve
the characteristics of the original LFD we need to construct a theoretical reference sub sample.
This sub sample is constructed as follows:

First we need to choose the bandwidth of the LFD in a way that the new LFD will not lose the
characteristics of the original one.

We also need to define a parameter y which is a threshold up to which we can reduce the number
of individuals in each length class, e.g. if Y = 0.2 we are allowed to reduce each length class up to
20% of each original number of individuals.

A proper value for the parameters € and 0 must also be chosen. The parameter ¢ depends on the
species and it sets a threshold for the maximum distance that the modes (or antimodes) of the
original sample from the modes (or antimodes) of the reference sample are allowed to have. 0 is
the maximum value of the amplitude ratio (Wischnewski et al. 2020).

For the case of Red Mullet in GSA 22 for 2019 and 4t quarter a bin width (A) = 2cm was selected.
The £is 0, v=0.2and 0 =0.9. The following figures (Figure 4.1.1.1. and 4.1.1.2) present the original
LED and the LFD with bin width = 2cm, respectively.

3 SampleReferenceLevel R-tool
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Figure 4.1.1.1. Histogram of length frequency distribution (LFD) of red mullet in GSA22 in 4th quarter, raised to the total
catch with A = 1cm.
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Figure 4.1.1.2. Histogram of length frequency distribution (LFD) of red mullet in GSA22 in 4th quarter, raised to the total
catch with A =2cm

Table 4.1.1. Results of find_modes_antimodes function for A=1 and 2 cm.

A=1cm A=2cm
modes 10, 15, 20 10, 15, 20
antimodes 11,19 11,19
amplitudes 308, 545, 547, 2 308, 545, 537, 2
smoothed modes 10, 15, 20 10, 14
smoothed antimodes 11,19, 21 12
robust modes 10, 15, 20 10,15
robust antimodes 11,19 12
robust amplitudes 308, 545, 537, 2 308, 545

ICES
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ADV = 0.1785
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Figure 4.1.1.3. ADV of original sample and the reference subsample.

20

The ADV was calculated for the reference subsample as 0.1785 (Figure 4.1.1.3 and 4.1.1.4). The
number of individuals in the original sample is 2616 while in the reference subsample 2180.
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Figure 4.1.1.4. Original sample of red mullet in GSA22 in 4th quarter (left) and reference sub sample (right).
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4.1.2 Reducing sampling effort by eliminating sampling units (fishing
trips)

During the 4™ quarter of 2019, six different trips were sampled. Namely trips: 9301, 9302, 11446,
11448, 11450 and 11456. We examine the effect on the sample by removing one, two and three
trips.

In the case of removing one trip we will examine the effect of each trip in the sample size while
for two and three we will simply remove randomly two and three trips from the original sample.

This results in eight different scenarios: Sij where j are the fishing trips and Sz and Ss are the
subsets of the original sample obtained by subtracting two and three trips respectively (Table
4.1.2).

Table 4.1.2. Results of different scenarios eliminating sampling units of the original sample.

Scenario Eliminated Sampling Units Distance D Sample size
S11 Trip 9301 12.2305 700
S1,2 Trip 9302 0.0199 2607
Si13 Trip 11446 0.0391 2589
S1,4 Trip 11448 0.0081 2607
S5 Trip 11450 22.76224 1970
Si6 Trip 11456 0.0199 2607
S, Trips 9301 & 11456 12.1846 691
S3 Trips 9302, 11450, 11456 22.81054 1952

In the case study of Red mullet in the Aegean Sea the samples are not equally distributed be-
tween trips. So the effort reduction by removing trips from the original sample has effect on the
distance mainly based on the number of individuals measured on each trip. There are several
trips that have almost no effect on the main characteristics of the LFD, but all of them contain
very few individuals. The interesting part of this analysis is the effect of fishing trip 11450 on the
distance. Although as a trip consists of fewer sampled individuals than trip 9301 the effect of
removing it is much higher.

4.2 SampleOptim — The case study of Blue Whiting in ICES
Division 27.6.a, a comparison of sampling with or with-
out replacement

The aim of this case study was to investigate the effects of resampling strategy with replacement
and without replacement on precision and bias of optimisation results, using real sample data.

In the case of sampling with replacement, all samples are independent as the selection of one
sample does not affect the selection of another sample. When sampling without replacement,
samples are not independent as the selection of one sample removes it from the sample pool
available for subsequent sample selection.

The sampling optimisation approach SampleOptim was used, and quality indicators were gen-
erated to assess the optimal sample size for age-length keys.

ICES
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Sampling optimisation was applied to age sample data of blue whiting (Micromesistius poutassou),
stock whb.27.1-91214, from the 2021 spring season in ICES area 27.6.a.

4.2.1 Methods

The SampleOptim R-tool was run without replacement (scenario WOR) and with replacement
(scenario WR) using the same input data. The input parameters for both scenarios are shown in
Table 4.2.1.1. Only length classes that were sufficiently sampled (>30 age samples; 240-340 mm;
Table 4.2.1.2) were selected for testing. The sample sizes tested were 2, 4, 6, 8, 10, 20 and 30 ages
per length class; with sample sizes of 20 and 30 very close to the population size. No stratification
was applied to the data. For each scenario, 1000 simulations were run to ensure stable output.

The output of the scenarios was compared by addressing two questions: i) Do the different sce-
narios result in significantly different output values? and ii) Do differences in the output of the
two scenarios lead to different conclusions on sample size optimisation?

To compare the output values of mean lengths per age from the two scenarios, individual simu-
lation output values were grouped by sample size and age (e.g. sample size 2 & age 2), and the
results from each scenario was compared using an independent samples t-test. An alpha level of
0.01 was used for all statistical tests.

Bertalanffy parameter output values (Linf, K and t0) were not normally distributed, so the non-
parametric independent 2-group Mann-Whitney U Test was used to compare the output results
from the sample size groupings (e.g. sample size 2) of each scenario.

A visual assessment of the graphical output of the SampleOptim tool is used to make judgements
on sample size optimisation. Therefore, the graphical outputs from the two scenarios were com-
pared to assess for any differing conclusions of optimal sample sizes.
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Table 4.2.1.1. Input parameters.

Variable Mandatory Variable.values  Definition

name

species y WHB CODE_FAO

AREA y

AGE_ONLY y TRUE TRUE- only statistical analysis for age; FALSE - includes age and
maturity data analysis

PORT n FALSE  Uses Port stratification for subsampling (TRUE); do not take into
account the Port Stratification (FALSE)

distUniPorto n FALSE  Uniform distribution of subsamples by Port (TRUE); random dis-
tribution of subsamples by Port (FALSE)

TIME_STRATA y A A-year; S- semester; T - quarter

SEX_RATIO y -1 0-only males; 1 -only females; -1 no sex data

MIN_LC y 240 minimum length class

MAX_LC y 340 maximum length class

interval _LC v 10 length class step

MIN_age y 1 minimum age

MAX_age y 10 maximum age

MIN_OTOL y 2  minimum number of individuals by length class in the simula-
tion setup

MAX_OTOL % 10 maximum number of individuals by length class in the simula-
tion setup

inter- y 2 interval number of individuals by length class in the simulation

val_OTOL setup

EXTRA_OTOL n 2030 extra otoliths that are not within MIN_OTOL and MAX_OTOL

Linf y 45  Von Bertalanffy growth model parameter - Linf. Used as a start-
ing value to adjust VBGM.

K % 0.1 Von Bertalanffy growth model parameter - k. Used as a starting
value to adjust VBGM.

to y -3 Von Bertalanffy growth model parameter - t0. Used as a starting
value to adjust VBGM.

year_start y 2021 first year data subset to run simulations

year_end % 2021 last year data subset to run simulations

stage_mature % 2 define the maturity stages that correspond to mature stages (to
allow to determine the proportion of immatures and matures)

n y 1000 define the number of simulations (bootstrap runs)

ICES
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Table 4.2.1.2. Selected input data for all simulations, corresponding to the input parameters (Table 4.2.1.1).

Length 240 250 260 270 280 290 300 310 320 330 340
Class

N. Oto 35 56 65 75 76 79 80 73 63 40 31

4.2.2 Results and Discussion

T-test results comparing the mean length output, grouped by sample size and age, for scenarios
WOR and WR showed that there were only two cases in which statistically significant differences
(p20.01) in mean length when samples sizes were 10 or fewer per length class. However, for
sample sizes of 20 and 30, differences in the mean length were statistically significantly between
the WOR and WR scenarios for all ages (p<0.01), except age 3 for a sample size of 20 (p>0.01)
(Table 4.2.2.1).

Comparison of the von Bertalanffy growth parameter Linf generated for the WOR and WR sce-
narios showed a statistically significant difference in values for samples sizes of 4, 8, 20 and 30
(p<0.01). Statistically significant differences in K value between the WOR and WR scenarios was
found for sample sizes of 4, 20 and 30 (p< 0.01), and no significant differences were found be-
tween the t0 values generated in each scenario (Table 4.2.2.2).

Visual inspection of the SampleOptim results is used to judge the point at which values stabilise,
indicating that a sufficient sample size has been reached. For both the WOR and WR scenarios,
the plotted results of the mean length at age stabilised at 8-10 otoliths (Figure 4.2.2.1). Similarly,
the results of the von Bertalanffy growth parameter results showed that collecting about 8-10
otoliths would sufficiently stabilize the estimates of Linf, K and t0, for both the WOR and the WR
scenarios (Figure 4.2.2.2).

The results of this case study show that applying the sample optimisation tool SampleOptim
with and without replacement can have a significant effect on the calculation of both the mean
length at age and the von Bertalanffy parameters Linf and K, particularly when the sample size
is close to the maximum available in samples. This result is not surprising given that sampling
without replacement places greater constraint on the pool available to be sampled as sample
sizes get closer to the size of the population being sampled. As all samples are independent when
sampling with replacement, there is no such constraint of sample sizes being near the sampled
population size.

However, despite differences in output values at large sample sizes, the case study also showed
that the resulting selection of optimal sample size was unaffected by the application of sampling
with or without replacement.
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Table 4.2.2.1. T-test results comparing mean length per sample size and age for scenarios WOR and WR for sample sizes.

Age 10 is excluded from calculations because only one single otolith was available for this age.

Sample size Age T df P-value Scenario WOR Scenario WR
Mean length Mean length

(standard error)  (standard error)

2 0.7 1963.4 0.495 247.29 (+0.20) 247.10 (+0.19)

3 -0.2 1980.3 0.806 266.44 (+0.35) 266.56 (+0.34)

4 -0.3 1977.3 0.767 291.15 (+0.46) 291.34 (+0.48)

5 0.6 1990.8 0.537 304.81 (+0.36) 305.12 (+0.34)

2 6 0.9 1931.9 0.382 303.76 (+0.44) 303.21 (+0.45)
7 0.7 1839.8 0.481 312.85 (£0.49) 312.36 (+0.50)

8 -1.2 1004.9 0.242 312.83 (+0.82) 314.19 (+0.82)

9 1.7 502.8 0.087 319.88 (+0.93) 317.66 (+0.90)

2 -0.1 1992.7 0.914 247.86 (+0.13) 247.89 (+0.14)

3 0.1 1991.7 0.940 266.88 (+0.23) 266.91 (+0.22)

4 0.6 1999.0 0.541 291.35 (+0.31) 291.08 (+0.31)

5 -1.3 1998.1 0.211 304.55 (+0.23) 304.97 (+0.24)

‘ 6 1.3 1992.7 0.195 304.19 (+0.30) 303.66 (+0.28)
7 2.0 1982.6 0.050 313.35 (+0.34) 312.42 (+0.33)

8 0.6 1520.8 0.530 314.25 (+0.59) 313.71 (+0.61)

9 0.5 857.4 0.640 318.25 (+0.65) 317.82 (+0.66)

2 0.3 1993.7 0.792 247.89 (+0.11) 247.85 (+0.11)

3 -0.9 1993.3 0.370 266.80 (+0.17) 267.02 (+0.18)

4 1.0 1993.6 0.338 291.56 (+0.23) 291.24 (+0.24)

5 0.1 1998.6 0.922 304.37 (+0.18) 304.35 (+0.18)

® 6 0.6 1999.9 0.573 304.07 (+0.22) 303.89 (+0.22)
7 1.6 1992.2 0.118 312.89 (+0.27) 312.31 (+0.26)

8 1.1 1750.1 0.270 313.96 (+0.49) 313.18 (+0.51)

9 0.3 1165.9 0.732 318.59 (+0.53) 318.33 (+0.55)

2 -1.2 1993.7 0.221 247.87 (+0.09) 248.03 (+0.09)

3 -0.4 1999.9 0.720 267.14 (+0.15) 267.22 (+0.15)

4 0.7 1996.9 0.497 291.54 (+0.20) 291.34 (+0.21)

5 2.8 1999.8 0.005 304.73 (+0.16) 304.10 (+0.16)

8 6 1.5 1986.6 0.137 303.78 (+0.18) 303.38 (+0.20)
7 1.4 1993.2 0.154 312.85 (+0.21) 312.41 (+0.23)

8 1.2 1868.8 0.229 314.20 (+0.42) 313.47 (+0.44)

9 1.6 1393.6 0.107 318.90 (+0.47) 317.80 (+0.49)

2 -2.6 1975.1 0.008 247.81 (+0.08) 248.12 (+0.09)

3 -1.3 1999.7 0.182 266.96 (+0.13) 267.20 (+0.13)

10 4 1.3 1984.4 0.191 291.69 (+0.16) 291.37 (+0.18)
5 1.4 1991.2 0.158 304.60 (+0.13) 304.32 (+0.14)
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Sample size Age T df P-value Scenario WOR Scenario WR
Mean length Mean length

(standard error)  (standard error)

6 24 1996.3 0.016 304.00 (+0.16) 303.46 (+0.16)

7 1.6 1994 0.108 312.34 (+0.18) 311.91 (+0.20)

8 1.5 1931.7 0.133 313.69 (+0.37) 312.88 (+0.40)

9 1.7 1499.5 0.096 319.36 (+0.43) 318.31 (+0.46)

2 9.6 1894.9 <0.001 247.91 (+0.05) 248.68 (+0.06)

3 -2.2 1977.5 0.026 267.16 (+0.08) 267.41 (+0.09)

4 3.3 1977.4 0.001 291.78 (+0.10) 291.29 (+0.11)

5 8.4 1958.9 <0.001 304.58 (+0.08) 303.57 (+0.09)

20 6 7.7 1982.5 <0.001 304.07 (+0.10) 302.98 (+0.10)
7 8.4 1944.9 <0.001 312.38 (+0.11) 310.96 (+0.13)

8 4.2 1920.8 <0.001 313.97 (+0.21) 312.58 (+0.26)

9 4.6 1880 <0.001 320.06 (+0.29) 318.05 (+0.33)

2 -13.8 1766.1 <0.001 248.07 (+0.03) 248.93 (+0.05)

3 6.3 1798.5 <0.001 267.16 (+0.05) 267.67 (+0.07)

4 7.9 1776.9 <0.001 291.76 (+0.06) 290.96 (+0.08)

5 16.6 1875.5 <0.001 304.56 (+0.06) 303.06 (+0.07)

% 6 11.3 1856.1 <0.001 303.95 (+0.06) 302.75 (+0.09)
7 16.2 1798 <0.001 312.52 (+0.07) 310.57 (+0.10)

8 8.3 17254 <0.001 313.80 (+0.13) 311.89 (+0.19)

9 7 1722.2 <0.001 319.95 (+0.17) 317.85 (+0.25)
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Figure 4.2.2.1. Comparison of the variability of mean length at age, standard deviation (sd) at age and coefficient of
variation (CV) of sampling 2,4,6,8,10,20 and 30 otoliths per length interval, without replacement (WOR scenario; figures
on the left) and with replacement (WR scenario; figures on the right). Note: a single sample contributed to age 10.
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Table 4.2.2.2. U-test results comparing von Bertalanffy growth parameters Linf, K and t0 for scenarios WOR and WR at
sample sizes 2, 4, 6, 8, 10, 20 and 30.

Sample size Linf K t0

w P-value w P-value w P-value

2 4528 0.080 3365 0.100 3335 0.083

4 6597 0.007 4267 0.008 4350 0.014

6 8106 0.149 6466 0.117 6642 0.213

8 12001 0.001 8391 0.047 8763 0.153

10 10945 0.374 10090 0.747 10468 0.832

20 17596 <0.001 9797 0.002 11577 0.369

30 7524 <0.001 2688 <0.001 3710 0.054




40 | ICES SCIENTIFIC REPORTS 4:69 | ICES

o 2021 | 2021 |
Without replacement With replacement
2.0
2
factor(type)
15 B2
B
. v -
] B
10
=P
1 * 0
0.01 0
2 4 6 8 10 20 30 2 4 6 8 10 20 30
number of ofoliths selected by length class (cm) number of otoliths selected by length class (cm)
2021 | 2021 |
0
+ * + —— !
- factor(type)
=
5 =
e e : :
B o
. L
£
-10
18
2 & L] 8 10 20 30 2 & -] 8 10 20 30
number of otoliths selected by length class (cm| number of otoliths selected by length class (cm)
2021 | 2021 |
€00
800
700
=0 factor(type)
=
€00 ‘ 4
£ € e
3 3 B
B
500 B2
100 B
400
300 200
2 4 L} g 10 20 20 2 4 e 8 10 20 20
number of ofoliths selected by length class (cm number of otoliths selected by length class (cm)

Figure 4.2.2.2. Comparison of the variability of von Bertalanffy coefficients of sampling 2,4,6,8,10,20 and 30 otoliths per
length interval, without replacement (figures on the left) and with replacement (figures on the right).
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4.3 Simulated population - applied to two different sub-
sampling designs (with and without replacement)

A preliminary study using a simulated population has been performed to evaluate the accuracy
on the estimates of mean and standard deviation for length-at-age by applying different subsam-
pling designs, with and without replacement.

4.3.1 Methods

First, a population with a total of 10,000 fish per age, for ages 0 to 10, was simulated. Each fish
was given a different value of Linf from a lognormal distribution with CV 0.05. This represents
the population available to be caught. Then, length-at-age was calculated deterministically for
each fish based on the von Bertalanffy growth model (Figure 4.3.1):

°
200 - :
L J
150 4 | |
-
100
50 - |
8
O T T T T T
0.0 25 5.0 7.5 10.0

age

Figure 4.3.1. Simulated lengths at age. The population contains 10,000 individuals per age and individuals vary in their
Linf parameter with a CV = 0.05. The other parameters of the von Bertalanffy growth model were t0=-0.2, k = 0.3, and
mean Linf = 180.

A catch (S0, i.e. haul or landing) of size 50, 1000, or 10,000 fish were randomly sampled from the
population described above. Then the catch was divided into 10 cm length classes. From each
length class, nsamp (2, 5, 10, or 50) fish were randomly sampled with or without replacement,
unless there were fewer than nsamp fish available and then only the number available were
sampled. Based on these samples, the mean and standard deviation of the length-at-age were
calculated. The procedure was repeated 1000 times for each sampling design (with and without
replacement), i.e. 1000 replicate simulations per combination of SO size and nsamp. Replicate
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simulations with the same SO size used the same fish, i.e. the catch did not change, only the
samples taken from the catch changed.

4.3.2 Results

All sampling designs produced fairly accurate estimates of mean length-at-age (Figure 4.3.2.1).

S0_size: 50 SO_size: 1000 S0_size: 10000
2004
o gamd ot
v
P o
1004 o .’ L 8
501 * . . ®
0 e - -
200
: : bt
150 4 .‘4'1‘ .!!E g ’!g
ot ® o* g
1004 & = ~ g
. e » . <
30 replace
2 2 - = =] FALSE
. ‘iv{‘ 'g“ ';g" F TRUE
1001 o* ot o 3
. . ) =
504 ® - (] o
& - -
‘{{ e a8v
150 - .{{ «®® % .
‘q.— .a .. g
1007 & . - =
(%)
504 ® - - =
? T Ll Ll T ? T Ll L) I ? Ll T L} Ll
00 25 50 75 10.0 0.0 25 50 7.5 10.0 0.0 25 50 7.5 10.0
age

Figure 4.3.2.1. Mean length-at-age (mu). Black dots represent the true value based on the true
growth model underlying the simulated data. SO_size varies by column and is the size of the
catch or haul that was being sampled. Rows vary nsamp which is the number of samples per
length class. Red and green boxplots show the values of 1000 replicates for each sampling design
(without and with replacement).

Estimates of the standard deviation (sd) of length-at-age were mixed and sometimes biased (Fig-
ure 4.3.2.2). With a catch size of 50, there were too few samples to accurately estimate sd. With a
catch size of 10,000, and nsamp equal to 10 or 50, estimates were inexplicably biased upward for
higher age classes; more investigation is needed to confirm and explain this fact. With nsamp =
2 or 5, some of the replicates had too few samples in some age classes to be able to estimate a
standard deviation for those age classes.
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Figure 4.3.2.2. Standard deviation (sd) of length-at-age. Black dots represent the true value based on the true growth
model underlying the simulated data. SO_size varies by column and is the size of the catch or haul that was being sampled.
Rows vary nsamp which is the number of samples per length class. Red and green boxplots show the values of 1000
replicates for each sampling design (without and with replacement).

4.3.3 Discussion

On the current study, the same number per age group were simulated but, in future work, it
potential consequences and an alternative approach should be evaluated.

More investigation is needed to make sure that these results are valid and to understand the bias
of standard deviation estimates. Future work could also investigate age-length keys derived
from this type of simulated data. The same analysis shown here for mean length-at-age should
hold for mean weight-at-age, but this could be discussed at a future WKBIOPTIM meeting.
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4.4 BioSim Tool — The case study of Mullus barbatus in GSA
22

4.4.1 Methods

BioSim Tool has been applied to the sampling data of Mullus barbatus in GSA 22 (Aegean Sea) on
sex and maturity by length class. Sampling data from 2014 to 2020 have been utilized.

The focus of the analysis is on the sampling optimization of sex and maturity data; BioSim Tool
was used for this analysis to have an idea of the impact on sampling precision by changing the
number of individuals for which sex and maturity are collected by trip. The impact of different
scenarios, from 10 to 100 sampled individuals by trip, is evaluated also on the sex ratio and ma-
turity by length, compared with the original one in the data used as reference (population).

The number of simulations considered is 50 and the samples considered representative of the
population has been set to have at least 20 individuals.

4.4.2 Results and discussion

The results showed that, in the hypothesis of an annual sampling, the precision in length com-
position is comparable to the one of the original sample already with 60 individuals measured
by trip (Figure 4.4.2.1).
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Fig 4.4.2.1 - CV of the length distribution in the hypothesis of 10, 20, ...100 individuals sampled per trip.
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On the other hand, the results of the sex showed that sampling about the same number (55-60
individuals) for the sex would produce a precision in the sex ratio very similar to the one of the
original sample (Figure 4.4.2.2). Similar results are shown by the sex ratio at length (Figure
4423).
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Figure 4.4.2.2 - CV of the sex ratio by length class in the hypothesis of 10, 20, ...100 individuals sampled per trip for the
sex.
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Figure 4.4.2.3 —Sex ratio by length class in the hypothesis of 10, 20, ...100 individuals sampled per trip for the sex.

For length and sex variables the results of BioSim tool showed that a reduction of the number of
individuals sampled for the length and for the sex would return a comparable precision and sex

ratio estimate by length class.

a7
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Next steps

The next steps of the WKBIOPTIM's work will include:

[a] Continue working on the development and testing of the R-tools developed with the aim of
providing support on fish sampling optimisation at national/stock/regional level;

[b] Evaluate the use of the R-tools for different sampling designs and where under-sampling
may be occurring (e. g. small scale fisheries);

[c] Evaluate the compatibility between the different WKBIOPTIM R-tools, with the use of stand-
ard data formats and sources;

[d] Continue the R-package development;

[e] Working on the adaptation of the R-tools to accommodate the sampling schemes from the
different hierarchies from the RDBES.
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Annex 3: Presentations

1. SampleReferenceLevel (ADV) (Section 1.4.1)

Admissible dissimilarity
value (ADV) as a measure of
subsampling reliability

Julia Wischnewski

Thiinen Institute of Sea Fisheries, Bremerhaven, Germany

‘e@- THUNEN

Motivation

* Length frequency distributions (LFDs) are an important input for stock
assessments

*® Iflength-sampling data is sparse, scientists may not have enoughinformation to
reliably estimate the length distribution. On the other hand, conservative planning
of sampling process canlead to exceeding the sampling plan resulting in so-called
“oversampling”

* The questions are:

*%* Can we reduce the sampling effort without loosing the quality of length
composition data, i.e. find out how we can obtain a representative reduced
sample that despite smaller size still preserves all significant information
provided by the original sample

+%* Which criterion can we establish to identify such sample fora certain species?
(i.e. a kind of a threshold to decide if a reduced sample is still adequate)

.:o
'@+ THUNEN ‘
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Criterion of the sample size adequateness

® Entire shape of LFDs is more important than descriptive statistics like
the mean length, variance etc. So, as criterion that the reduced
sample is still reliable (i.e. distributionally similar to original sample)
we use a function based on a difference between LFDs (or CDFs)
structure of reduced sample S,. (or subsample) and original sample S,

(or benchmark sample)
*® This function is constructed on the base of metric distance between

CDFs
* The minimally achievable subsample (“the worst case from all
admissiblefacceptable ones”) §7™", which still satisfies the criterion,

defines a threshold called Admissible Dissimilarity Value (ADV). Itis
basically a distance between CDFs of S, and §*"
* All subsamples delivering distances greater than ADV are labelled as

unreliable/inadequate
[ T 1)
‘e THUNEN

= (Mg s M)

Similarity interpretation

Distributions (of ariginal
sample and subsample) can be
considered as similar if:

1) Theyhave the same number
of modes and antimodes, i.e.
dim(;7i)=dim(}) and
dim(@)=dim(9)

2) For eachcorresponding pair

m;, M;anda;. A;:
Im,- = IWIEE and |G} = A)IS€,
where = s(sp(-:cies)| ;
: . lgtmi)-giaj)

3) amphtudes ratio m

=6, where f(-), g(-) are the

values of the original and

reduced sampled density
functions (LFD) ata point,
0<6 <1

T

a= (Qy, ., Qg)

M = (My, ., My)T

A=(Ay . AT

Similarity interpretation

Note that we are focused
only on robust
modes/antimodes § .
{Definition 2in the
manuscript) —i.e.
modesfantimodes, which
continue to be present
despite length class
smoothing and don't
Lcontaminate® the
distributional shape

LFD (raised to whole catch) of
North Sea cod, obtained by the 3-

n
the 3rd quarter of 2018, in ICES
area 27.4: onginal sample with -
different bandwidth: (a)

bandwidth =1cm; (b)
bandwidth = 3cm; () bandwidth
= 5em; {d) bandwidth = 10 em. ! N
-0
-@+ THUNEN
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Formal dissimilarity criterion

Veclaton ol (2l

D(S,.S,) = L, (F,G) + ¢, - 1 {dim(¥) = dim(¥V)} +

o yam) max(0,|v; - Vi|— &) -1 {dim(%) = dim(V)} +

i=1

3 T2 max (0,6 — 12022 l) 4t {aim(5) = aim(7)),

where F and G are CDFs of S, and S,

L,(F,G) is the L, -distance between them,

V= sort(ﬁ. A-,) and ¥ = sort (i, @) be the sorted increasing sequences of the robust
modesfantimodes of S, and S, respectively,

f and g are density functions of S, and §,.,

¢y, €2 and ¢; are some constants

‘e THUNEN

Formal dissimilarity criterion

* Obviously, forS,. = S, we obtain the lower boundD =0
* The upper boundis the ADV and provided by the S7"
* So, D(S,,S,) € [0; ADV] forall acceptable S,

* We should make clear, that the subsample is a purely theoretical and formally
constructed onthe base of the conditions (1)-(3). We use it only to conclude about
the reliability ofthe derived “real-world” subsamples with respectto the original
sample

* The subsample S™” and ADV is produced by the iterative subsampling procedure

* Note, that it is not always necessary, to be focused oninformation delivered by all
length classes I = {lj}, j=1,2,...L_One can choose the most important lengths
classes I/ = {lje,},l € {1,2, ..., L} where the most significantinformation is
provided while less informative ones are ignored (e.g. very small or very large fish)

‘e- THUNEN

Example

LENGTH

LFD (raised to wholecatch) of North Sea cod, obtained by the German commervial
‘obzerverzin the3rd quarter 2018,in the ICES area27.4: original zample.
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n = 1600 n = §80
5q: includes 3 trips, named = "
LCriginal sample™

5™ named ,reference

subsample™, and constructed under E" I“
£= 3,8 = 0.7, and only for length

classes, I' = [40; 80]

THUMEN

Example: Sampling units elimination (effort reducing), based on ADV

Eliminated sampling units Sample size, all length classes /| Mean length | standard emror of
length classes [T = [40;80] mean length in length clases
Bl - °

2g24 3600 5599177
Trips elimination
T QLT 2657/ 2438 [TETVER. .|
- L EELT N 1] 5651 192
Ty ashie 271 2n47 a3l ey
Taatnay 12307 2304 )aopn 5363 1254
T a3aph 5733352 Sed5 /136
might time ol {33500 = o300l fram
Trps zand 3
Tip3 2093 R ghugg {18z
Ihawils less than 3 tomnes tatal catch
wesght fram Tipsaand 2
o3 208354 208z ) 830 FaT 1247

iy less than 1.5 Tamnies tatad catoh
wesght fram Tipsaand 2

Tp3 agiig 1350 | 1156 S/ 3ah
might time hanils {23:00 = o3-0a) fram
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2. STREAM R-tools (BioSim Tool and SDTool) (Section 1.4.2)

Call for Proposals MARE/ 2020408 “Strengthening regional cooperation in the field of data
collection”, Annex 1 “Establishing Regional Work Plans"

Strengthening Regional cooperation in the area of fisheries
biclogical data collection in the Mediterranean and Black Sea,
STREAM (512.770115)

i

STREAMLINE

New developments on STREAM optimization tools within

STREAMLINE project
WHKBIOPTIMA4, Microsoft Teams 15 — 19" November

Isabella Bitetto ; éﬁﬂf‘.“.’i‘m
\'u:‘:lh:n;.l.:u::rul Frojwct fanded &y dhw Taropean Uabn -

— — - STREAMLINE

Expected results:
STREAMLINE will preduce the following cutputs:
- A detailed map of expertise and awvailable knowledge at Med&BS level on the main aspects and
tools for the data collection; the map will also address the possible gaps and identify suitable case
studies to the draft regional work plans;
- Warkshops to train national experts on the availabletook and procedures;
- Meetings to wark on case studies and designdraft regional work plans;
- A permanent decision making structure for the design and implementation of regional work plans;
- Draft regional work plans to be fed into the EU-MAP 202 2-2024 starting from 2023,

STREAMUMNE will further develop tools for the data collection framework (data collection, quality
checks), and facilitate the transfer of knowledge among MSs on a range of aspects dealing with
fisheries data collection [e.g., bycatch meonitoring, stomach content analysis, recreational fisheries,
statistically sound sampling schemes, etc.).

STREAMLNE activities will also represent the basis for possible intersessional work/sub-groups
under the umbrella of the RCG Med&B5.

Froject fandied &y i Taropean Labn -
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)

STREAMLINE

WP1 - Compiling
Iinformation and

identifying gaps

WP2 - Filling
Information gaps

Task 2,1, Sampling design
optimization in all the metiers,

Iinduding SSF, and identification of

sampling hierarchy

Task 2.2, Collection, processing

and anabysls of stomach comtents Draft Regional

and monitoring of incidental by Work Plans
catch

Task 2.3. Recreational fisheries I

STREAMLINE

Work Package 2 = Filling information gaps
WP2 Chair |. Bitetw (COISPA); co-Chair 5. Kavadas [HCMR)

Partners involved: all partners involved

Core team: P.K. Karachle [HCMR); P. Carpentieri [NISEA); W. Zupa, P. Carbonara, L. Casciaro, M.
Dronnaloia and M.T. Spedicato [COISPA); V. Raykow, |, Zlateva and M. Yankova [|0-BAS); B. Guijarro, A.
Cervantes, I.L. Pérez, E. Garcia and M. Vivas (IEQ); . Thasitis (DFMR): M. Billet [IFREMER); G.
Scarcella, F. Grati, F. Masnadi and 5. Vitale [CNR); C. Musumeci, A. Massarg, P. Sartor and C. Viva
(c1BM); V. CikeE Kek, B. Zorica, D. Ezgeta Bali¢, M. Vrgofand I. Isajlovié [IOF)

Based on the existing information and the information gaps identified in WP1, WP2 will generate, in
a targeted way, the information and other inputs that are still necessary to design regional work
plans for the Mediterranean and Black Sea.

The Tasks of this WP will include the arganization of workshops and meetings, as well as case studies
to implement or further test the methodologies.

For the success of this work package, MSs will be brought together to collaborate on add
knowledge and information gaps in a collaborative and coordinated manner. -

oot fancied iy 8 Faropean Unba

—_— STREAMLINE

—Task 2.1 - Sempiing design optimization in all the metiers, including 55F, and identification of
sampling hierarchy (1. Bitetto - COISPA)
Partners involved: all partners involved
Core team: C. Musumeci, A. Massaro (CIBM); L. Casciaro and W. Zupa (COISPA); 1.L. Pérez, E.
Garcia and M. Vivas (IEQ); I. Thasitis (DFMR); G. Scarcella and F. Masnadi (CNR); V. Raykov and
I. Zlateva (10-BAS): V. Cike$ KeE and M. VrgoE (10F)

The starting point of this task will be the work on the case studies carried out in the STREAM
project, involving areas and stocks distributed in the different sub-basins of the
Mediterranean and the Black Sea.

The tasks foresees the implementation and testing of additional features in the R tool-box
respect to the STREAM project.

The first step of this Task will be thus dedicated to:

a) launch a data call at RCG Med&BS level, similar to the one launched under the STREAM
project, to gather updated data in the RCG format to take advantage from a mare
consolidated dataset (2 more years) to obtain more robust optimization results.

et fanied iy e arsgnan ot -
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MARE/2020/08 J
STREAMLINE

NEW DEVELOPMENTS ON R TOOLS

Task 2.1 - Sampling design optimization in all the metiers, including S5F, and
identification of sampling hierarchy (1. Bitetto- COISPA)

b) develop additional quality indicators to the ones developed and tested in
STREAM taking into account:

= the work carried out in the ICES WKBIOPTIM3

* the Admissible dissimilarity Value [ADV), as a measure of sampling
reliability (Wischnewski etal.,, 2020)

to evaluate the wvariability of the corresponding relevant estimates (e.g. von
Bertalanffy parameters, size at first maturity) and to identify a satisfactory sub-

sampling strategy;
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MARE/2020/08 J
STREAMLINE

NEW DEVELOPMENTS ON R TOOLS

Task 2.1 - Sampling design optimization in all the metiers, incduding 55F and
identification of sampling hierarchy {l. Bitetto - COISPA)

c) develop generalizations of SDTool and Bio5im Tool to allow the extraction of

samples from the dataset used for the case study, according to combinations of

technical, time and spatial characteristics that could be relevant for specific case
studies in order to draft a RWP (e.g. Country-GSA).

The sampling design could be set according to a sampling hierarchy (e.g. from

individual fish to trip) indicating what sampling levels are included in the multi-

stage sampling of the commercial catches and how they are (hierarchically) related

to each other, in line with the RDBES concept.

Frojwc parded B s Tarogean Lvsbn -
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MARE/2020/08 J
— STREAMLINE

Tosk 2.1 - Sampling design optimization in all the metiers, including 55F, and identification of
sompling hierarchy

Fi
v

rst workshop [planned on 25 November- 17 December 2021) for:
providing an overview of the methods/approaches adopted in a co-creative process with RCG to
fill in the gaps identified in WP1;
present the methodology and the new featured R tools to the National experts, allowing them
towork on the optimization analysis of biclogical samplings:
sketching out the work and allow the experts to give feedbacks and familiarize with the R tools.

5-6 wirtual workshops will be organized with small groups of national experts, for the main
Mediterranean geographical basins (western, central, Adriatic, eastern), and the Black Sea:

v

to ease and support the carrying out of the simulations and allow the exploration of the
sampling designs considered appropriate and suitable for each specific context;
to select, on the basis of the criteria of shared stocks, revise and update, if needed, the case
studies presented in the STREAM Final Report:
to finalize the relevant STREAM case studies, i.e. the ones useful because dealing with shared
stochks, but not included in the STREAM Final Report.

Frojreunany sy faroanan L -
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= --"'_'-'-Fr.-
5DTool OUTCOMES

¥ Perform analyseson sampling optimization in tenms of trips

The 50 Toolv.2 allows through bootstrap technigue to rezample the historical data
studying the Coefficient of Variation (CV) in association with the number of primary
zampling units (&.g. trips) of a given species.

[ P .

Statistical principle:
The value of CV decreazes with the
increase of the number of sampling

units, defining a curve. The first 4 solutions

In the SD tool the part ofthe curve : are considered to
where the tangent changes and begine find a trade-off

to flatten (i.e. the curvature range) is among the species g
considered as a suitable trade-off
between the precizion and the sampling
effort. Then, the sample size (in term of
sampling units} corresponding to that
partofthe curve is proposedas
Hoptimal"” sample size.

5DTool - OUTCOMES

The 5D Toolv.2 generalizes the existing 5D tool in order to include options allowing a
flexible definition ofthe sampling scheme. The optimization can thus be carried out on:

= different technical stratifications introducing options to define the technical strata on
the basis of gear (level 4) and/or metier, 20 grouping strata with similar
characteristics;

* differenttemporal aggregations in orderto make flexible the stratification by quarter
andior semester, depending on fisheries and target species specifications;

» data of sfocks considered shared among MS in order to get results onthe whole area
ofthe stock (not only by GSA)

The 5D Toolv.2 generalizes the existing 5D tool in order to include options allowing a
flexible definition ofthe sampling scheme. The optimization can thus be carried out on:

= different technical stratifications introducing options to define the technical strata on
the basis of gear (level 4) and/or metier, 20 grouping strata with similar
characteristics;

* differenttemporal aggregations in orderto make flexible the stratification by quarter
andior semester, depending on fisheries and target species specifications;

» data of sfocks considered shared among MS in order to get results onthe whole area
ofthe stock (not only by GSA)
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50Tool - outcomes

&.q. stratification process by year (aggregating
quarters) by gear level 4 (aggregating metiers)  var1=spatial stratification (e.g. GSA);
ar2=time stratification (e.g. 1=year);
ar3=metier/gear stratification

Warl Va2 Vard Fin_trigs | emax_trips | mean AR | mean OV
A avtEnn s GEALE 1 018 18 26 078 014
P, kngingdiri G548 1 OTR " b o.o? on
4 eafennafus sl 1 Lell-] "4 ] 1025 013
P. langirasins GEALS 1 Qe n 15 o0 a3

Farapesbes iegrins T - GAATE 10 NGRS 0 (S0 oy crgrosien T - GEATY- 8- Oplermd v0 SUBE  Ainieun amdermashon CITH - AT - 1 - Dpmiondiva pant sl

[— e
L]
| | e i -
N -
! - s T ‘E T
| = |
WIPRE 1 | 4
............................ -
TR .. M |

BioSim Tool - OUTCOMES

¥ Performanalyses on sampling optimization in terms of number of individuals to be
measured

The BioSim Tool using bootstrap technigue allows to resample the historical data at
zample level (i.e. pertrip) to identify the minimum no. offish to be measured in orderto
avoid oversampling.

This minimum number of individuals to be sampled can be used as a threshold for
subsampling.
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foreach
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size,
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trip,
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g wcrancees - ENOD by 10 - Cate -4 e -4 cuariers 4

« medianlength
« minlength
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- Earth Moving Distance

:
-
.
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BioSim Tool - OUTCOMES

It iz possible to assess the impact of changes in the number of length measurements by
trip (by commercial category) compared to the baseline (original sample) (variation of
each metric compared to the baseling).

4
:

i
b
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+

27 o v L’p@"
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— Mezsured | aw 13 W 119 | |
Baschine [13853] 1 individuals

B 2 B o B B e
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' On the sharepoint:

* Short guidelines for SDTool
* Short guidelines for BioSim Tool

DT < e C R ==
CIE®
ICES = r
CIEM 2021 Meeting Documents - 05. Presentations
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3. SampleOptim (Section 1.4.3)

ICES WKBIOPTIM4 15-19 NOVEMBER 2021
(ONLINE MEETING)

SampleOptim R-tool

Patricia Goncalves (Portugal, IPMA)

7~ PMA

Instituto Portugués
do Mar e da Atmosfera

SampleOptim R-toolbox aim:

- provide quality indicatars estimations to support user’s decision to determine the optimal number sample size for
age-length keys and maturity ogives.

The simulation process works at sample/population level.

The dataset used represents the “whole” population, and the simulations are based on resampling without
replacement.

The subsamples obtained from the simulations intend to allow the comBarison of the ALKs and of the maturity ogive
parameters based on a reduction on the number of individuals sampled by length class.

The setup for simulations allows the user to perform those type of scenarios taking into account a length
stratification together with other possible stratifications:

(i) Temporal stratification (annual, semester and quarter);

(i) Sex stratification, by defining the sexratio on the subsamples (i.e. proportion of females and males by length
class);

(iii?C Port stratification (harbour of the samples provenience), options are using a randomly sampling by port, or
define a uniform sample distribution by port.
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11.5ampleOptim

e Patihar e

) EstePC 3 Documentss » WHB > WKBIOPTIMA » 11.SampleOptim

o~ Nome ’
output
€ Rhistory
€ 1Data_exploratery_analysis
€ 2 Simuiations
€ 2 Simulations resubic_data_analysis
input_params
“| PO_WH_kio_2017t02019
€ samale selection function
5] SarmpleOptim_input filefermat_scample

Déta de modificacdo Tipo Teranho

Ficheiro de Valere..

11.SempleOptim

e Patithar Ve
1 5 EstePC 5 Documentos > WHE » WKBIOPTIMA 5 11.SampleOptim
A Nome " ata de modificacdo Tipo Tamanhc
output 5 1
©) Rhistory 2 211812

€ 1_Data_exploratory_analysis

) 2 Simulations

) 3_Simulations_results_data_analysis
B:) input_params

3] PO_WHB_bio_2017t02019

©) sample_selection_function

@57 SempleCptim_input_fileformat_example

Inputdata file: RDB (CSCA table)

11.5ampleOptim
e Partithar  Ver

r|~ > EstePC 5> Documentos > WHB > WKBIOPTIMA » 11.SampleOptim

Nome
output
€) Rhistory
@) 1_Data_exploratory_analysis
©) 2_simulations
) 3_Simulations_results_data_analysis
8- input_params
1] PO_WHB_bio_2017t02019
) sample_selection function

') SampleOptim_input fileformat_example

Input parameters; stratification options
for resampling simulations

ICES
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SampleOptim files (R-scripts and .csv

input_parems - Excel (A Ativago o Produto Falhou)

11.SampleOptim Ficheito  Base  Insert  EsquemedePégina  Formulas  Dados

e Patihar Ve
K15 - fe
4 || > EstePC > Documentos > WHB >
S - A 8 c ) e 3 s H ) 3 L M N o °
1 |Variable name Mandator Variable.\ Definition
output 2 [spacies v WHE  CODE_FAO
© Rhistory 3 |area 2792
= i 4 |ace_onLy FALSE  TRUE- only statistical analysis for age; FALSE - includes age and maturity data analysis
@ 1.Deta-explorstory anslysis 5 [porT FALSE  Uses port for (TRUE); do not the port (FALSE)
©) 2_Simulations 6 |distuniPorto FALSE of (TRUE); i of (FALSE)
© 3_Simulations_results_data_analysis 7 |TIME_STRATA i A-year; s- samester; - quarter
8 [SEX_RATIO 050~ only males; 1- only females
G input_params
9 |MIN_LC 13 minimum length class
0] PO_WHB_bio_2017t02019 10| MAX_LC 36 maximum length class
) sample_selection_function 11 |interval LC 1 length class step
3] SampleOptim_input_fileformat_examy 12 MIN_ae= Optinkiiiizge
13|MAX_age 7 maximum age
14 |MIN_oTOL 1 mini of individuals by setup

15 |MAX_OTOL 10 maximum number of individuals by length class in the simulation setup

16 |interval_oToL 1 interval number of gth class in

17 [EXTRA_OTOL 1520 extraotolits that are not within MIN_QTOL and MAX_OTOL

18 Lt 45 Von Bertalantty growth madel parameter - Linf. Used as a starting value 10 adjust VBGM.

19k 01 e - k. Used as a starting value to adjust VBGM.

20t 2 & just VBGM.

21 |year_start 2017 first year date subset Lo run simulatiors

22year_end 2019 last year data subset to run simulations

23 |stage_mature 2 define the maturity stages that correspond to mature st the immat
24n 100 defi of simulations

2]

SampleOptim files (R-scripts and .csv

| 11.SampleOptim
ie Partithar Ver

%+ » EstePC > Documentos » WHB > WKBIOPTIMA > 11.SampleOptim

A Nome Data de modificagio  Tipo Tomanho
output 15/11/2021 Pasta de ficheiros
€ Rhistory 1271172021 Ficheiro RHISTORY
€31 Data_exploratory_analysis 157117202 Ficheiro
) 2_Simulations 15/11/2021 15:37 Ficheiro R
) 3_Simulations_resuits_data_analysis Ficheiro R

Ficheire de Vlore.

0 input_params
1] PO_WHB_bio_2017t02019
© sample selection_function

Ficheiro de Valore,
Ficheiro R

Ficheiro de Valore,

8] SampleOptim_input filsformat_example

ampleOptim files (R-scripts and .csv

| 11.5ampleoptim

e Partilhar Ver
7 » EstePC > Documentos > WHB > WKBIOPTIM4 > 11.SampleOptim
» Nome - Data de modificagio Tipo Tamanho
output 15, Pasta de ficheiros
1€ Rhistory 12 Ficheiro RHISTORY
) 1_Data_exploratory_analysis Ficheire R
£92 Simulstions EicheiroR Quality indicators R-code functions
) 3_Simulations_results_data_analysis Ficheiro R

B input_params Ficheiro de Valore.

@] P0_WHB_bio_2017t02019 Ficheiro de 2
3 sample selection function Ficheiro R Resampling R-code function
8] SampleOptim_input_fileformat_example Ficheiro de Valore. 121 KB
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11.5empleOptim

e Partilhar Ver
™ » EstePC » Documentos » WHB > WKBIOPTIM4 > 11.SampleOptim
A Nome . Data de modificaio Tipo
output
€ Rhistory

) 1_Data_exploratory_analysis

€3 2 Simulations

) 3_Simulations_resuits_data_analysis Fi
5 input_params i
] PO_WHB_bio_2017t02019

) sample_selection_function

4] SampleOptim_input_fileformat_example

Taman

ho

SampleOptim files (R-scripts and .csv)

Quality indicators R-code functions:

CV mean length-at-age

SD mean length-at-age

Von Bertalanffy growth parametes (Linf, K, t0)
Maturity parameters (L25, L50, L75)

Mean absolute percentage error (MAPE)
Mean squared percentage error (mspe)

Root mean squared percentage error (RMSPE)

1.SampleOptim

@ Pattihar Ve
A | EstePC 5 Documentos > WHB > WKBIOPTIMA > 11.SampleOptim
A Nome Tipo
output
€ Rhistory

@) 1_Data_exploratory_analysis

© 2 Simulations

& 3 Simulations_results_data_analysis
) input_params

8] PO_WHB_bio_2017t02019

) sample_selection_function

Ficheiro R

@) SampleOptim_input fileformat_example Ficheiro de Valore.

Tamank

ho

SampleQOptim files (R-scripts and .csv)

Produce the results

2017
2017 ] factor(type)
25
20
£
=3
c
25
>
(8]
h__
10 w_, '
0 1 2 3 4 5 5
age

~ w IS

sd length at age (cm)

SampleOptim main results

2017

2017 ]

factor(type)

© @ N o oaw N =

@ 3

N
8

1 -0 T
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SampIeOptim main results

{W-*
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SampleOptim main results

e
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&
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Number of otolihs selected by le gtnl (m)
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B2 123 4586789510162

number of otoliths selected by length class (cm)
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Quality
indicators

Thank you!!!!
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4. FishPi4WKBIOPTIM (Section 1.4.4)

FishPi4AWKBIOPTIM

RDB data required

- Belowarethevariablesrequired. They are extracted fromtheHL, SL, HH and TR tablesof the RDB database and
formatted ina dataset as shown below. That may be of useto the RDBES subgroup?
More details can be found inthe formatRDB2FishPi function inthe package.

[. c("fishTripId", “sampType“,

“vs1F1gCtry”, "landdate”, "landLoc”, "vslLenCls"”, “"area”,
“foCatEué"”, “sppCode”, "sppName”, “sppName”, “catchcCat”,
“"catchwt"”, "lenCls”, "estNum”, “sampNum”,6 “year"”, “"quarter”,

"landCtry”, “sppFAO", “rect”, "stock”, "landType")]
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Package overview

Simulation of sampling designs

Documentation for package ‘FishPidWKBIOPTIM' version 0.2.0

« DESCRPTION Sie
Help Pages

[ Bias phot
dovPid Deviance plot

1 requency dsirduon of simdsted mean leng®r

Example dataset Fom | D

F ormat RDB data 10 run with the FshPQ simulation package

Plot umulated longth datrdxtons compared 10 real

LSt aly compare sumulated length dntibutions 10 real

wmul_samging Wraggper uncBon 10 simulste samping

e S 51 10 srndate samgdng

Heoat

Jetats” o

FBAPQ formamed datanet See huncson F ormatRDB2
vectr of species names
Purber of sardasonn

oponm Jor paas are “IRA Trighd” “vald™ “sileXday" with dulsull set ot “Teh Trighd” “Ssh Triphd” s singhe stage sampdng two 38200 ampding with the other oplions as aol
Been Ry tested yot

Gotmst s “randem” or ve name of Colamn (a3 Character) that defines s ats | or mow. elher P B name of o Selilt Catared of Teate
Yot wn nerw varsatin and #3083 COM 10 The dataned (¢ § Combunng kandng country and wea fedod and .

Gatatrame with Cobumen a3 ¥ ata and each row i 3 vabos of efiort 1 b tested

Sl - “area” Varwbin $x whh 10 summares Bu ety & posterar Soe tryby Hom srvey guchage Note That s vanabie i sot scCount
ie sampiing efort s st by s ata not by domains and this is not equivabent AN AA NG 33 1 Goes Aol Ute New wenhts fr B varuabie

max ramber of SSUs par PSU 1o sample
Sampiing wih replacement TRUE or FALSE

NOT IMPLEMENTED YET (Lo set to FALSE) - concurrent sampling TRUE or FALSE
whethar 10 sample foreign vessels TRUE or FALSE  set to FALSE

what Country s sampleg (f mot in B onginal detaset provise Country ) Miers) Ths Can only accommodate one (ountry 10 fx & outise of e functon f reeds be
The examphs datasel provided wan (ampded Hom sbrmnson Fom dflecent Countres and 3o § skesdy Inhides sampOry I meseng & wil use P vessel fog n
whech Cae here wil bo mo aglon K sampbeg for egn verte

mve aer T Lints witun bnts Bhe first bevel relates 10 sumemary stataScs for man longhn (141 elomert) o (aw baey

Ll Do gt by Gocen Do e d beved gty P lputs by efort beved
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3) - ondy bor WA Trphe” which ahmays elfher B poo o b

maanSgpd WrpgPop |

e e

See available example in wrapper function of
package

* A number of graphical outputs are available

* Includes MWCV from SampleBioptim and ADV (from 2019 — so not sure if
any changes made to method afterwards when publishing paper?)

* All formatted to use package simul_sampling outputs that are in
convoluted lists formats so not usable functions outside of package

* Slide below for ideas on list of common indicators and how to present
them (current outputs of FishPi4WKBIOTIM package — these can be
retrieved if you run the example in the wrapper function)
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Kolmogorov- Smimoy test Difference in area under the curve
of simulatons vs real of simulations vs real
— 3 e
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bles to RDB format

Author: Julia Wischnewski

doRDBEStoRDB <-
function({DEtable=NULL, SDtable=MULL,
VStable=NULL, FTtable=NULL,
FOtable=NULL, SAtable=NULL,
LEtable=NULL, OStable=NULL,
SStable=NULL, TEtable=NULL,
FMtable=NULL, BVtable=NULL,
VDtable=NULL, SLtable=NULL,
selected_upperHierarchy=c(1:16))

SAtable_for_HL <- subset(SAtable, SAlowerHierarchy %ink c("A","B")})
SAtable_for_CA <- subset(SAtable, SAlowerHierarchy &%in% c("A","B","C"))

if (selected upperHierarchy %ink c(1))

{

FTtable <- FTtable[,!(colnames(FTtable) %in% c("F0Oid","05id","TEid"))]
Sstable <- S5table[, !(colnames(55table) ®in¥% c("05id","TEid","LEid"))]

DEtable <- subset(DEtable, DEhierarchy==1)

FMSAtable <- merge(FMtable, SAtable_for_HL, by=c(“5Aid"),all.x=TRUE)

FMSASStable <- merge(FMSAtable, SS5table, by=c("55id"),all.x=TRUE)

FMSASSFOtable <- merge(FMSASStable, FOtable, by=c("FOid","FTid"),all.x=TRUE)

FMSASSFOFTtable <- merge(FMSASSFOtable, FTtable, by=c("FTid","SDid"),all.x=TRUE)
FMSASSFOFTVDtable <- merge(FMSASSFOFTtable, VDtable, by=c("VDid"),all.x=TRUE)
FMSASSFOFTVDVStable <- merge(FMSASSFOFTVDtable, VStable, by=c("vsid","vDid","SDid"),all.x=TRUE)
FMSASSFOFTVDVSSDtable <- merge(FMSASSFOFTVDVStable, SDtable, by=c("SDid"),all.x=TRUE)
FMSASSFOFTVDVSSDDEtable <- merge{FMSASSFOFTVDVSSDtable, DEtable, by=c("DEid"),all.x=TRUE)

R-function to transform RDBES data ta-

ICES
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### determine Landing_country from harbour name - how? ###

library(devtools)
#install github(“ices-tools-prod/icesVocab™)

library(icesVocab)
L_C <- getCodelList("Harbour_LOCODE")

FMSASSFOFTVDVSSDDE_Location_table <- merge(FMSASSFOFTVDVSSDDEtable,

L_C[,c("Key","Description”, "LongDescription™)], by.x=c("FTarrivallocation"),by.y=c("Key"),all.x=TRUE)
##5# for CA
BVFMSASSFOFTVDVSSDDE_Location_table <- merge(BVtable, FMSASSFOFTVDVSSDDE_Location_table, by=c("said","FMid"),all.x=TRUE)

BVFMSASSFOFTVDVSSDDE_Location_table_age <- subset(BVFMSASSFOFTVDVSSDDE_Location_table, substr{BVtypeMeasured,1,3)=="Ag
e

BVFMSASSFOFTVDVSSDDE_Location_table_weight <- subset(BVFMSASSFOFTVDVSSDDE_ Location_table, substr(BVtypeMeasured,1,3)=="I
ei")[,c{"sAid™, "FMid",

"BVnationalUniqueFishId","BVunitName","FMclassMeasured”,"BVtypeMeasured”, "BVvalueMeasured”, "BVvalueUnitOrScale", "BVac
curacy”, "BVmethod")]

names ( BVFMSASSFOFTVDVSSDDE _Location_table_weight)[ (ncol (BVFMSASSFOFTWDVSSDDE_Location_table_weight)-4):ncol{BVFMSASSFOFT
VDVSSDDE_Location_table weight)] <-

pasted(names (BVFMSASSFOFTVDVSSDDE_Location_table_weight)[ (ncol (BVFMSASSFOFTVDWSSDDE Location_table_weight)-4):ncol(BVFMS
ASSFOFTVDVSSDDE_Location_table_weight)],

_weight™)

BVFMSASSFOFTVDVSSDDE_Location_table maturity <- subset(BVFMSASSFOFTVDVSSDDE_Location_table, substr(BVtypeMeasured,1,3)=
="Mat")[,c("SAid","FMid",

"BVnationalUniqueFishId","BVunitName","FMclassMeasured”,"BVtypeMeasured”, "BVvalueMeasured”, "BVvalueUnitOrScale", "BVac
curacy”, "BVmethod")]

names { BVFMSASSFOFTVDVSSDDE _Location_table_maturity)[ (ncol (BVFMSASSFOFTVDVSSDDE Location_table maturity)-4):ncol (BVFMSASS
FOFTVDVSSDDE_Location_table maturity)] <-

pasted(names (BVFMSASSFOFTWVDVSSDDE_Location_table_maturity)[(ncol(BVFMSASSFOFTVDVSSDDE_Location_table maturity)-4):ncol(B
VFMSASSFOFTVDVSSDDE_Location_table maturity)],

_maturity™)

BVFMSASSFOFTVDVSSDDE_Location_table_sex <- subset(BVFMSASSFOFTVDVSSDDE_Location_table, substr{BVtypeMeasured,1,3)
x"Y[,c("sAaid™, "FMid",

"BVnationalUniqueFishId","BVunitName","FMclassMeasured”,"BVtypeMeasured”, "BVvalueMeasured”, "BVvalueUnitOrScale", "BVac
curacy”, "BVmethod")]

"ge

names ( BVFMSASSFOFTVDVSSDDE _Location_table_sex)[(ncol(BVFMSASSFOFTVDVSSDDE Location_table_sex)-4):ncol({BVFMSASSFOFTVDVSSD
DE_Location_table_sex)] <-

paste@(names (BVFMSASSFOFTVDVSSDDE_Location_table_sex)[({ncol(BVFMSASSFOFTVDVSSDDE_Location_table_sex)-4):ncol{BVFMSASSFOF
TVDVSSDDE_Location_table_sex)],

_sex"

if (nrow(BVFMSASSFOFTWDVSSDDE_Location_table_weight)»8) BVFMSASSFOFTVDVSSDDE_Location_table_age <- merge(BVFMSASSFOF
TVDVSSDDE_Location_table_age,

BVFMSASSFOFTVDVSSDDE _Location_table weight, by=c("sAid","FmMid",

"BVnationalUniqueFishId","BVunitName",”FMclassMeasured”), all.x=TRUE)

if (nrow(BVFMSASSFOFTVDVSSDDE_Location_table maturity)»>@) BVFMSASSFOFTVDVSSDDE_Location_table_age <- merge(BVFMSASSF
OFTVDVSSDDE_Location_table_age,

BVFMSASSFOFTVDVSSDDE _Location_table maturity, by=c("SAid","FMid",

"BVnationalUniqueFishId","BVunitName","FMclassMeasured"”), all.x=TRUE)

if (nrow(BVFMSASSFOFTWDVSSDDE_Location_table_sex)>8) BVFMSASSFOFTVDVSSDDE_Location_table_age <- merge(BVFMSASSFOFTVD
VSSDDE_Location_table_age,

BVFMSASSFOFTVDVSSDDE_Location_table sex, by=c("sAid","FMmid",

"BVnationalUniqueFishId","BVunitName","FMclassMeasured”), all.x=TRUE)
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HL

| ICES

HL <- data.frame(matrix(nrow = nrow(FMSASSFOFTVDVSSDDE_Location_table), ncol=length(HL_rdb.names)), stringsAsFactors = F

ALSE)

colnames(HL) <- HL_rdb.names

HL$Record_type <- "HL"
HL$Sampling_type <- FMSASSFOFTVDVWSSDDE_Location_tablefFTsamplingType

HL$Landing_country <- substr(FMSASSFOFTVDVSSDDE_Location_table$FTarrivallocation,1,2) ## Is it g correct way to extract

a Landing Country?

HL$Vessel flag_country <- FMSASSFOFTVDVSSDDE_Location_tablefVDflagCountry
HL$Year <- FMSASSFOFTVDWSSDDE_Location_table$DEyear

HL$Project <- FMSASSFOFTVDVSSDDE_Location_tablef$DEsamplingSchems
HL$Trip_number <- FMSASSFOFTVDVSSDDE_Location_tablefFTunitName
HL$Station_number <- FMSASSFOFTVDVSSDDE_Location_table$FOunitMName

HL$Species <- FMSASSFOFTVDVSSDDE_Location_table$SAspeciesCode
HL$Catch_category <- FMSASSFOFTVDVSSDDE_Location_table$SAcatchCategory
HL$Landing_category <- FMSASSFOFTVDVSSDDE_Location_table$SAlandingCategory
HL$Comm_size cat_scale <- FMSASSFOFTVDVSSDDE_Location_tablefSAcommSizeCatScale
HL$Comm_size_cat <- FMSASSFOFTVDVSSDDE_Location_table$SAcommSizeCat
HL$Subsampling_category <- "' ## I didn't find this field in the RDBES
HL$Sex <- FMSASSFOFTVDVSSDDE_Location_table$SAsex

HL$Individual_sex «- ''

HL$Length_class <- FMSASSFOFTVDVSSDDE_Location_table$FMclassMeasured
HL$Number_at_length <- FMSASSFOFTVDVSSDDE_Location_table$FMnumberAtUnit
#HL$Hierarchy <- FMSASSFOFTVDVSSDDE Location tablefDE

hierarchy ## Optional

HL[is.na(HL}] <- ""
HL <- aggregate(Mumber_at_length ~ ., data=HL, function(x) sum(x,na.rm=TRUE))

HH #

HH <- data.frame(matrix({nrow = nrow(FMSASSFOFTVDVSSDDE_Location_table), ncol=length{HH_rdb.names)}, stringsAsFactors = F

ALSE)

colnames(HH) <- HH_rdb.names

HH$Record_type <- "HH"
HH$Sampling_type <- FMSASSFOFTVDVSSDDE_Location_table$FTsamplingType

HH$Landing country <- substr(FMSASSFOFTVDVSSDDE_Location_table$FTarrivallocation,1,2) ## Is it g correct way

a Landing Country?

HH$Vessel flag country <- FMSASSFOFTWVDVSSDDE_Location_table$vDflagCountry
HH$Year <- FMSASSFOFTVDVSSDDE_Location_table$DEyear

HHEProject <- FMSASSFOFTWDVSSDDE_Location_table$DEsamplingScheme
HHETrip_number <- FMSASSFOFTVDVSSDDE_Location_table$FTunitMName
HHEStation_number <- FMSASSFOFTWVDVSSDDE_Location_table$FOunitName
HHEFishing_validity <- FMSASSFOFTVDVSSDDE_Location_table$FOvalidity
HH$Aggregation_level <- FMSASSFOFTVDVSSDDE_Location_table$FOaggregationLevel
HH$Catch_registration <- FMSASSFOFTVDVSSDDE_Location_table$FOcatchReg
HH$Species_registration <- *° ## Didn't find what is that in RDBES
HH$Date <- FMSASSFOFTVDVSSDDE_Location_table$FOstartDate

HHETime <- FMSASSFOFTVDVSSDDE_Location_table$FOstartTime

HH$Fishing duration <- FMSASSFOFTVDVSSDDE Location table$FOduration
HH$Pos_Start_Lat_dec <- FMSASSFOFTVDVSSDDE_Location_table$FOstartlat
HH$Pos_Start_Lon_dec <- FMSASSFOFTVDVSSDDE_Location_table$FOstartlon
HH$Pos_Stop_Lat_dec <- FMSASSFOFTVDVSSDDE_Location_table$FOstoplat
HHEPos_Stop_Lon_dec <- FMSASSFOFTVDVSSDDE_Location_table$FOstoplon

HHEArea <- FMSASSFOFTVDVSSDDE_Location_table$FOarea

HHEStatistical rectangle <- FMSASSFOFTVDVSSDDE_Location_table$FOrectangle
HHESub_polygon <- FMSASSFOFTVDVSSDDE_ Location_table$FOjurisdictionArea
HH$Main_fishing_depth <- FMSASSFOFTVDVSSDDE_Location_table$FOfishingDepth
HH$Main_water_depth <- FMSASSFOFTVDVSSDDE_Location_table$FOwaterDepth
HHSFAC_MNational <- FMSASSFOFTVDVSSDDE_Location_table$FOnationalFishingActivity
HHSFAC_EC_1v15 <- FMSASSFOFTVDVSSDDE_Location_table$FOmetiers

HHEFAC_EC_1vlé <- FMSASSFOFTVDVSSDDE_Location_table$FOmetieré

HH$Gear_type <- FMSASSFOFTWVDVSSDDE Location_table$FOgear

HH$Mesh_size <- FMSASSFOFTVDVSSDDE_Location_table$FOmeshSize
HH$Selection_device <- FMSASSFOFTVDVSSDDE Location_table$FOselectionDevice
HHEMesh_size_selection_device <- FMSASSFOFTVDVSSDDE_Location_table$FOselectionDeviceMeshSize

#HHEHierarchy <- FMSASSFOFTVDVSSDDE Location_tablefDEhierarchy ## Optional

HH[is.na(HH)}] <- '°
HH <- distinct(HH)

to extract
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#HE 5L

SL <- data.frame(matrix(nrow = nrow(FMSASSFOFTVDVSSDDE_Location_table), ncol=length(SL_rdb.names)), stringsAsFactors = F

ALSE)

colnames(SL) <- SL_rdb.names

SL$Record_type <- "SL”
SL$5ampling_type <- FMSASSFOFTVDVSSDDE_Location_table$FTsamplingType

SL$Landing country <- substr(FMSASSFOFTVDVSSDDE_Location_table$FTarrivalleocation,1,2) ## Is it a correct way
a Landing Country?

SL$Vessel flag country <- FMSASSFOFTVDVSSDDE_Location_table$vDflagCountry
SL$Year <- FMSASSFOFTVDVSSDDE_Location_table$DEyear

SL$Project <- FMSASSFOFTWDVSSDDE_Location_table$DEsamplingScheme
SL$Trip_number <- FMSASSFOFTVDVSSDDE_Location_table$FTunitName
SL$station_number <- FMSASSFOFTVDVSSDDE_Location_table$FOunitName

SL$5pecies <- FMSASSFOFTWDVSSDDE_Location_table$SAspeciesCode
SL$Catch_category <- FMSASSFOFTVDVSSDDE_Location_table$SAcatchCategory
SL$Landing category <- FMSASSFOFTVDVSSDDE_Location_table$SAlandingCategory
SL$Comm_size cat_scale <- FMSASSFOFTVDVSSDDE_Location_table$SAcommSizeCatScale
SL$Comm_size cat <- FMSASSFOFTVDVSSDDE_Location_table$SAcommSizeCat
SL$5ubsampling_category <- ' ## I didn't find this field in the RDBES
SL$5ex <- FMSASSFOFTVDVSSDDE_Location_table3SAsex

SL$Weight <- FMSASSFOFTVDVSSDDE_Location_tablef$SAtotalWeightLive
SL$5ubsample_weight <- FMSASSFOFTVDVSSDDE_Location_table$SAsamplelleightlive
SL$Length_code <- FMSASSFOFTVDVSSDDE_Location_table$FMaccuracy

#SL$Hierarchy <- FMSASSFOFTVDVSSDDE Location table$DEhierarchy ## Optional
SL[is.ma(SL}] «- '°

SL <- distinct(5L)

to extract
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CA <- data.frame(matrix(nrow = nrow(BVFMSASSFOFTVDVSSDDE_Location_table_age), ncol=length(CA_rdb.names)), stringsAsFacto

rs = FALSE)
colnames(CA) <- CA_rdb.names

CA$Record_type <- "CA"
CA$5ampling_type <- BVFMSASSFOFTVDVSSDDE_Location_table_age$FTsamplingType

CA$Landing country <- substr(BVFMSASSFOFTVDVSSDDE_Location_table_ age$FTarrivallocation,1,2) ## Is it a correct way

xtract C

a Landing Country?

CA$Vessel flag_ country <- BVFMSASSFOFTVDVSSDDE_Location_table_age$VDflagCountry
CASYear <- BVFMSASSFOFTVDVSSDDE_Location_table_age$DEyear

CA$Project <- BVFMSASSFOFTVDVSSDDE_Location_table_age$DEsamplingScheme
CA$Trip_number <- BVFMSASSFOFTVDVSSDDE_Location_table age$FTunitName
CA$5tation_number <- BVFMSASSFOFTVDVSSDDE_Location_table_age$FOunitName
CA%$Quarter <- quarter(BVFMSASSFOFTVDVSSDDE_Location_table_agefFOstartDate)
CA$Month <- month(BVFMSASSFOFTVDVSSDDE_Location_table age$FOstartDate)
CA$5Species <- BVFMSASSFOFTVDVSSDDE_Location_table_agef$SAspeciesCode

if (!is.null{BVFMSASSFOFTVDVSSDDE_Location_table_age$BVvalueMeasured_sex))
CA$Sex <- ifelse(is.na(BVFMSASSFOFTVDVSSDDE_Location_table_age$BVvalueMeasured_sex),
BVFMSASSFOFTVDVSSDDE_Location_table_age$SAsex,

BVFMSASSFOFTVDVSSDDE_Location_table age$BVvalueMeasured_sex) else CA$Sex <- BVFMSASSFOFTVDVSSDDE_Location_table_age

FSAzex
CA$Catch_category <- BVFMSASSFOFTVDVSSDDE_Location_table_age$SAcatchCategory
CA$Landing category <- BVFMSASSFOFTVDVSSDDE_Location_table_age$SAlandingCategory
CA$Comm_size cat_scale <- BVFMSASSFOFTVDVSSDDE_Location_table_age$SAcommSizeCatScale
CA$Comm_size cat <- BVFMSASSFOFTVDVSSDDE_Location_table_age$SAcommSizeCat
CA$5tock <- '° ## pasted(speci
CAS$Area <- BVFMSASSFOFTVDVSSDDE_Location_table_age$FOarea
CA$5tatistical rectangle <- BVFMSASSFOFTVDVSSDDE_Location_table_age$FOrectangle
CA$5ub_polygon <- BVFMSASSFOFTVDVSSDDE_Location_table age$FOjurisdictionArea
CA$Length_class <- BVFMSASSFOFTVDVSSDDE_Location_table_age$FMclassMeasured
CAS$Age <- BVFMSASSFOFTVDVSSDDE_Location_table_age$BVvalueMeasured
CA$5ingle fish_number <- BVFMSASSFOFTVDVSSDDE_Location_table_age$BVunitName
CA$Length_code <- BVFMSASSFOFTVDVSSDDE_Location_table age$FMaccuracy
CAS$Aging_method <- BVFMSASSFOFTVDVSSDDE_Location_table_age$BVmethod

s _name, area)?

CA%$Age plus_group <- ' # 2?
CA%Otolith_weight <- *' ## 22
CA$0tolith side <- ** # 22
if (!is.null{BVFMSASSFOFTVDVSSDDE_Location_table_age$BvVvalueMeasured_weight)) ## BVvalueMeasured

CASWeight <- ifelse(is.na(BVFMSASSFOFTVDVSSDDE_Location_table_age$BVvalueMeasured_weight),
NA, BVFMSASSFOFTVDVSSDDE_Location_table_agef$BVvalueMeasured weight) else CAfkeight <- NA

if (!is.null({BVFMSASSFOFTVDVSSDDE_Location_table_age$Bvmethod_maturity)) ## BVmeth
CAfMaturity_staging_method <- ifelse(is.na(BVFMSASSFOFTVDVSSDDE_Location_table_age$BVmethod_maturity),
NA, BVFMSASSFOFTVDVSSDDE_Location_table_age$BVmethod maturity) else CA$Maturity staging method <- NA

if (!is.null({BVFMSASSFOFTVDVSSDDE_Location_table_age$BVvalueUnitOrScale_maturity)) ## BVvalueUnitOrScale
CA$Maturity_scale <- ifelse(is.na(BVFMSASSFOFTVDVSSDDE_Location_table age$BVvalueUnitOrScale_maturity),
NA, BVFMSASSFOFTVDVSSDDE_Location_table_age$BVvalueUnitOrScale maturity) else CA$Maturity_scale <- NA

if (!is.null{BVFMSASSFOFTVDVSSDDE_Location_table_age$BVvalueMeasured maturity)) ## BlVvalueMeasured
CAfMaturity_stage <- ifelse(is.na(BVFMSASSFOFTVDVSSDDE_Location_table age$BVvalueMeasured maturity),
NA, BVFMSASSFOFTVDVSSDDE_Location_table_agef$BVvalueMeasured maturity) else CA$Maturity stage <- NA

#CAgHierarchy <- BVFMSASSFOFTVDVSSDDE Location table age$DEhierarchy ## Optional

CA[is.na(CA)] «- '°

T else
{
HL <- NULL
HH <- NULL
5L <- MNULL
CA <- NULL
¥

return(list(HL = HL, HH = HH, SL = SL, CA = CA))

}
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