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Executive Summary

The European Union, Norway, and the United Kingdom jointly requested ICES
to identify appropriate combination sof Ftarget and Btrigger in a harvest control
rule that, together with possible TAC constraints, could form part of a long-term
management strategy for North Sea autumn spawning herring (Clupea harengys
in Subarea 4 and divisions 3.a and 7.d, (North Sea, Skagerrak and Kattegat,
eastern English Channel). A Management Strategy Evaluation (MSE) process
was set up to evaluate such combinations, check that the management strategy
was robust to a 10% banking and borrowing mechanism, and to investigate
sensitivity to a number of exploitation pattern scenarios. Key sources of
uncertainty (related to recruitment and natural mortality) were cap tured by a
reference set of operating models and results were integrated over these

Key findings are that several management strategies are possible for a similar
level of precaution (less than 5% risk), with similar levels of catch (less than 5%
difference in average yield between the possible rules). These different rules
involve either a high Ftarget and high Btrigger, or a lower Ftarget combined with

a lower Btrigger, and provid e a trade-off between maximising catch and
minimising interannual variability in catch . However, a high Ftarget-high
Btrigger combination (e.g.Ftarget=0.34, Btrigger=1.7 million tonnes) results in a
marginally higher yield (average annual catch 0f0.37 million tonnes) but with a
realised fishing mortality well below Ftarget (0.23 against Ftarget=0.34because
such high theoretical Ftarget rules result in the stock being frequently below the
Btrigger value. This combination of control points are also associated with more
unstable catches (IAV=18.%%), lower SSB (1.3 million tonnes), and the more
frequent suspension of TAC constraints (as a result of SSB being below Btrigger)
In contrast, a low Ftarget-low Btrigger combination (e.g. Ftarget=0.21,
Btrigger=0.8 million tonnes) results in marginally lower yield (average annual
catch of 0.36 million tonnes) but with realised fishing mortality close to Ftarget
(0.2 against Ftarget=0.21), substantially more stable catches(IAV=9.9%) higher
SSB (1.5 million tonnes), and less frequent suspension of any stability
mechanisms in place.

Assuming current fishing conditions (2022-3), as opposed tolonger-term recent
(2013202)) or historical (19982003 condition s, leads to higher risk and more
variable fishing mortality on ages 0-1, provid ing assurance that assuming
current conditions (as was adopted for the reference set of operating modelg is
both reasonable and errs on the side of precaution with respect to risk. Increasing
fishing mortality on ages 0-1 has a clear negative impact on risk, SSB and catch
in the long-term. Furthermore, shifting the selection pattern towards younger
ages is generally negative aaoss all performance metrics. Management

ICE
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strategies appear to be robustto implementing a 10% banking and borrowing
scheme even under an extreme version that deliberately forces unrealistic
annual fluctuations in catch (the opposite of its intended purpose). It should be
stressed thatFtarget and Btrigger selected from the MSE should not be confused
with reference points set by ICESand should not be used to indicate stock status.
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Introduction

A WKMSEHerring Scoping meeting was held during 17 -18 January 2024 in
Copenhagen to plan the work needed to answer the joint request to ICES to

advise on a Long-Term Management Strategy for North Sea autumn -spawning

(NSAS) herring in North Sea, Skagerrak and Kattegat and Eastern English

Channel, given in Annex 1 of this report (which includes clarifications on the

request). The scoping meeting was followed by a series of online meetings to
finalise the set of operating models, sensitivity tests and robustness tests (21
February, 15 April, 22 July, 28 October 2024); a summary of these meetings can
be found in the Scoping Report associated with this meeting (Annex 9). A
participants list can be found in Annex 2. Descriptions and main results of the

MSE are given in the main body of the report, with Annexes 3-6 providing

further details. A stakeholder engagement session was held as part of this

| ICE

process and is reported in Annex 7.3 T 1 wl BRUT UOEOQwUI YPI Pl UUz wUI

Annex 8.

Formal TORs for the meeting were developed once the request was signed off

and agreed between ICES and the advice requesters. These are as follows:

2024WK/FRS@5¢The2 2 NJl 4 K2 LJ 2y

albyl3sysSyi

{GN)Y GS3T

9@t £t dzk @

(WKMSEHerringxhaired by José De Oliveira, UK will be established and will meet at ICES HQ,
Copenhagen 102 December 2024, and onli28 January 2025 anii3 February 2025 to:

a) Develop a work plan as outlined below, following on from the January 2024 meeting with advice

requesters to agree on the approach and tools for KA8E, in response to the joint request from

the advice requesters on a loftgrm management strategy for North Sea autumn spawning

herring.

b) The December 2024 meeting to include results for the conditioning of the suite @fqed
operating models, results for the management strategy options and sensitivity tests stipulated in

the request, and any additional results of interest forthcomirapf the MSE analysis. This meeting

will include stakeholder engagement.

WKMSEHerring will report by 01 April 2025 for the attention of ACOM.

Description

Date Meeting format and | Additional information
composition

Start: 2 meeting Jan24 In-person + 17-18 Jan)CES HQCopenhagen
managers

R Mar-24 HAWG

Explorations Dec24  In-person 10-12 Dec, ICES HQgppenhagen
meeting
Jan25  Online + managers 23 Jan

meeting

Feb25  Online + managers 13 Feb

R Mar-25 HAWG

[ Apras Report to ICES

t NA 2 NR G @ I A3K LINAZ2NRGEDP ¢CKAA 62N] aK2ENE

9 ht YO
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There is a github repository that contains the software code used (https://github.com/ices -

taf/wk_WKMSEHerring.qgit ); it is not public, but access can be provided on request.


https://github.com/ices-taf/wk_WKMSEHerring.git
https://github.com/ices-taf/wk_WKMSEHerring.git
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Background

3.1 NSAS herring and assessment model

The assessment for North Sea Autumn-Spawning (NSAS) herring is using
commercial and survey data and spansthe 19472023 period. The assessment is
conducted annually at the Herring Assessment Working Group (HAWG ; ICES
(2024a). The model used is the SAM stock assessment model (Nielsen and Berg
(2014)) in a single fleet configuration. In parallel to the single fleet assessment, a
SAM multi -fleet assessment model (Nielsen et al. (2021)) is also conducted
yearly to inform the sho rt-term forecast on fleet-wise fishing selectivity. The
NSAS stock assessment was benchmarked in 2018 (ICES (2018)) and 2021 (ICES
(2021)) and underwent a management strategy evaluation (MSE) in 2019 (ICES
(2019)). Despite the latter, there is no agreed management strategy to date for
this stock and under the ICES framework, the ICES MSY approachadvice rule?
hastaken precedence for the advice since 2018.

The NSAS stock is harvested by 4 fleets (Figure3.1):

3 Afleet: human consumption in the North Sea and Eastern Channel
3 B fleet: bycatch of herring (in the sprat and Norway Pout fishery) in the
North Sea

3 Cfleet: human consumption in 3.a (Skagerrak-Kattegat area)
3 D fleet: bycatch of herring (in the sprat and Norway Pout fishery) in 3.a

L https://lwww.ices.dk/advice/Pages/technical_guidelines.aspx

ICE



ICES | WKMSEHERRIN&025

X o
A ) /r/
60 °N 'f""’ﬂ'l‘ Noreay ’ % ‘
€ o
{ 5> a |
59 °N = / Bycatch (DY

i \ o | :'},uu

- ‘Consum,
y k N A
i ) SR A 3
56 N _ 2 Denmank [ = »»\ “J\."‘ \)
NS Consumption (A) 11§ 94 i I\ &
\/ oy WA
M J .9 4 T Y .} )
e & TSR C ¢ )
| D= \ AR § by =
55°N ——— ,T; .‘l""l ¥ "‘. v “" l D
NS Bycatch (B) 1-1\—»_‘4{: ¢ ‘,}'-’ w SD 22-24
54 "N — . T . B V& Consumption (F)
0 00 200mm & e _& *{;. _ =
53 °N - ";\ 2 7"
- e 4 3:{ Germany 1‘ ¢
/7 i !
L4 i v/

Figure3.1: Conceptual drawing of the spatial coverage of theDfand F fleetsThe A and B fleets operate in the North
Sea (red shded area). TheCand Dfleets operate in the Westermaltic area, green and blue shaded areas respectively.

The corresponding data for catches at age are available from 1947 but are only
disaggregated by fleet from 1997. Most of the catches are realised bythe A-fleet
(Figure 3.2). However, other fleets are of importance because of the different
fleets selectivity and mixing with the Western Baltic Spring Spawning (WBSS)
herring stock. In term of selectivity, the A fleet targets ages 2+winter rings (wr) ,
the C fleet targets ages 13 wr and the fleets B and D bycatch juveniles (ages 01
wr) (Figure 3.3).

In term of surveys, the assessment model is informed by 5 surveys:

3 Larvae abundance index, LAI: survey focuses on the early larvae life
stage of NSAS andcovers the four different stock components:
Orkney/Shetland, Buchan, Central North Sea (CNS), Southern North Sea
(SNS). The influence of this survey is limited but remain simportant as it
provides information on stock components. This survey is also known
as the IHLS (International Herring Larvae Survey).

3 IBTSO (age 0): late larvae survey (MIK net) taking place Q1 of each year
on all stock components exceptthe southern North Sea components (so
called Downs). This is usually a good indicator of recruitment.

3 IBTSQ1 (age 1): bottom trawl survey taking place Q1 of each year which
provides clear information on the recruitment survivors to the fishery.

3 IBTSQ3 (age G5): bottom trawl survey taking place Q3 of each year.

3 HERAS (agel-8+): acoustic survey covering the full extent of the NSAS
and WBSS stocks and is conducted yearly in June/July. The derived
indices cover age 1+ and are very influential to the stock assessment
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model. This survey also provides the weight at age and the maturity at
age for the assessment

A summary of data sources by age is shown in Figure 3.4.

In addition to these input data, natural mortality for herring is estimated by the
North Sea SMS multi-species model (ICES (2024b)).

ICE



ICES | WKMSEHERRIN&025

(@)

750000 -
m
[0}
£ 500000 -
ie]
5 A
2 N
3 (fleetA |
250000 -
A S /AN J fleetC N fleetB
8 0 fleetD]
1960 1980 2000 2020
(b)
A B
6e+05 - 15000
5e+05 1 12500 1
4e+05 10000
3e+05 - 7500 1
o 26405+ : . 5000 - : :
- 2015 2020 2015 2020
[&]
© © D
O 42000 -
4000 -
9000 -+
3000 A
6000 A 2000 -
3000 4 1000 4
0- T T O- T T
2015 2020 2015 2020
year
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Figure3.4: Summary of fishery dependent (red markers) and fishery independent (blue markers) input data to the
assessment.
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3.2 Intermixing with WBSS

Intermixing between the NSAS and WBSS herring stocks is taking place in the
3.a area and along theNorwegian coast (Figure 3.5). Further background
information can be found in Bekkevold et al. (2023). Most of the mixing is

taking place in the 3.a area where the C and D fleets operate but also in the

Il EUUTI UOwx EVUOwWOIT wKE wE OE wK E ®E§u@ 8.9 TheumSB WEE OOI E u
undertaken in WKMSEHerring only concerns the NSAS stock but the
intermixing has implication sfor the management of the WBSS stock as itis
currently below its biomass reference point Blim (Figure 3.7; within the ICES
framework , Blim is estimated through the fitting of segmented regression stock
recruitment functions, following dedicated technical guidelines; ICES(2023).
As a result, the stockis subject to zero-catch advice from ICES(20192024) In
practice, the TACs for the C and D fleets follow management rules with 1) the

C fleet TAC being scaledbasedon the A fleet TAC and 2) the D fleet TAC

being kept constant at 6659t. The consequence is thafTACs for the C and D
fleets are not set as zero and to avoid putting fishing pressure on the WBSS
stock, they are transferred almost entirely since 2022from the 3.a area to the
North Sea (Figure 3.6). When transfer of the C fleet TAC takes place, the TAC is
taken in the North Sea and the fleet selection pattern follow s the one from the

A fleet. The way this transfer has beenimplemented following negotiations has
led to a yearly overshoot of the overall TAC for NSAS herring.



12 | ICES SCIENTIFIC REPRQEI'S | ICE

type
B nsas
B wsss

Latitude (decimal degrees)

Longitude (decimal degrees)

Figure3.5: Proportions of NSABerring (green) and WBSS herring (orange) based on vertebral counts
(Norwegian data) and otolith microstructure (Danish and Swedish data) from 128@0. Mixing levels between
NSAS and WBSS from commercial and scientific geddumns)during Q14 (rows).
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Figure3.6: Depiction of the transfer area.
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Figure 37: SSB trajectory of the WBSS stock.

3.3 Stock assessment and advice

In order to provide advice, the NSAS stock assessment model is un yearly in
mid -late March at HAWG. The data lag for all data sources is 1 year except for
the IBTSO (age 0) and IBTSQ1 (age 1) indices. It means that in 2024, the IBTSO
and IBTS-Q1 data run up to 2024 and all other data sources run up to 2023
(Figure 3.4). The management lag for the stock is of 1 year. It means that the
catch advice given in 2024 is for the 2025 calendar year. Herare the
corresponding definitions :

13
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3 Data year: thefinal year of the data (excluding IBTSO and IBTSQL1).

3 Intermediate year: data year+1, also corresponds to the year the
assessment is conducted.

3 Forecast year: year where catch advice is givendata year+2)
3 Continuation year: forecast year+1 (or data year+3)

The reference assessment model is single fleet, aggregating catch at age from
fleets A-D. The multi -fleet version of the model is also run to estimate fleet
selectivity for the forecast. The stock trajectory is shown in Figure 3.8. The
assessment modelused during the HAWG working group is stable overall with
a limited retrospective pattern (ICES (2024a)). The assessment for thecurrent
MSE undergoes slight adjustments (Section 3.4) and exemplifes similar
properties. The estimated observation variance per survey is shown in Figure
3.9, demonstrating the importance of the different data sources for the model.
Overall, the most informative survey is the HERAS survey across the core ages.

Importantly, the natural mortality used in the assessment is the output of the
SMS multi-species model from WGSAM (ICES (2024b)). In the SMS model, two
natural mortalities are considered: M1 (background mortality) and M2
(predation mortality). The total mo rtality is the addition of these two
components for each quarter of the year M=M1+M2. Whilst the SMS model
effectively estimates the predation mortality M2, the background mortality M1

is taken as a fixed value. The background mortality or residual mortali ty is the
natural mortality that is not accounted for in M2, either by predators not
included in the model or by other natural mor tality causes. The total natural
mortality applied in the assessment is a rescaling of the M from SMS; such
rescaling is obtained by profiling the stock assessment model to estimate a scalar
additive to M . This assessment model profiling method was benchmarked in
2021 at IBmNSHerring 2021 (ICES (2021)). The method was last applied athe
2024HAWG meeting (ICES (2024)) where a new vector of natural mortality was
made available. The profiling is shown in Figure 3.10and resulted in an additive
rescaling of addM=0.02. The reference points br the stock were also updated
using the EqSim package (ICES (202d)) (Table 3.1).

In the absence ofan agreed management plan, themanagement advice is based
on the ICES MSY approach advice rule, which is a biomass/fishing pressure
hockey-stick rule based on the reference points shown in Table3.1. This Harvest
Control Rule (HCR) is shown in Figure 3.11. More specifically, the advice process
is as follows (Figure 3.12):

1. The assessment is conducted in the intermediate year, with input data
up to the data year.

2. The stock is projected in the intermediate year using the already-known
TAC for th at year.

ICE
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3. The stock is projected in the forecast year with a fishing pressure
constraint. This target fishing pressure is calculated from SSBat
spawning time (in autumn) in the forecast year using the hockey-stick
HCR shown in Figure 3.11.

4. TAC is derived from catches corresponding to fishing pressure in the
forecast year.

North Sea Herring

|
Spawning stock biomass

6e+06 —

4e+06

SSB

2e+06

O0e+00 —

Fishing mortality

2.0

1.5
1.0

Fbar

0.5
0.0

Recruitment

1.0e+08
8.0e+07 —
6.0e+07 —
4.0e+07 —
2.0e+07
0.0e+00

Rec

T
1960 1980 2000 2020

Year

Figure3.8: Assessment trajectorySSB, Fbar (agest} and recruitment)
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Figure3.9: Observation variance per data source as estimated by the assessment model.
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Figure3.10: Profiling of the stock assessment model over a range of additive rescaling (addM) of natural
mortality M.

Table3.1: NSA®erring reference points(HAWG2024 ICE$2024a)). Biomass reference points in tonnes.

MSY approact MSY Btrigge| 1130747

MSY approact FMSY 0.32
PA Blim 828874
PA Bpa 1049521
PA Flim 0.39

PA Fpa 0.33
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Figure3.12: Schematic of the TAC decision process.
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3.4 Assessment model for the MSE

For the Management Strategy Evaluation (MSE) conducted here, the assessment
model configuration of the latest assessment group is used (ICES (2029). The
M additive scaling value is also taken from HAWG 2024 (ICES (2024)) as
addM=0.02.

The assessment model used for the MSE s fitted without the early larvae index
(LAI). This is because the LAl is an index which undergoes specific model fitting
and in turn complicates the MSE model implementation. In addition, the LAI
only has a marginal impact on the model fit (Figure 3.13), despite being
important in the context of the yearly assessment for NSAS, as this index tracks
the dynamics of the different stock components. However, in the context of th is
MSE where model fit is central throughout extensive iterations, the inclusion of
the LAI in the assessment model was not deemed a valuable addition. This
assessment without the LAl was then used to condition the operating models
(OMs) and as a stock assessment model in thenanagement procedure (MP).

The assessment model used to condition the OMs includes the IBTSO (age 0) and
IBTS-Q1 (age 1) indices up to 2024 (corresponding to the intermediate year at
HAWG 2024) whilst all other data sources are up to 2023 (corresponding to the
data year at HAWG 2024). The inclusion of the IBTSO and IBTSQ1 data points
for the intermediate year allows the stock assessment model to estimate
recruitment in the intermediate year. In the base assessment, as used during the
yearly HAWG working grou p, this estimate of recruitment is further used in the
forecast alongside stock estimation in the forecast year using specific
assumptions (ICES (2024)).

The conditioning of OMs is based on theuse of all data available. However, for
the application of the management procedure in the stock projections, no data
for the IBTSO and IBTSQ1 indices are used in the intermediate year, which is a
deviation from the model currently used during the yearly HAWG working
group . More specifically, in the MSE projections, the IBTSQ1 and IBTSQOindices
are not generated in the intermediate year, but kept up to the data year to avoid
complexity in the MSE model. Instead of using recruitment estimated by the
assessment model in the intermediate year, recruitment is taken as a 16year
average weighted by assessment uncertaintyin recruitment, which is the same
asthe assumption in the forecast and continuation year. Similar to removing the
LAl index, the impact of removing intermediate -year data for IBTS-Q1 and
IBTSOhas negligible impact on the estimation of SSB(Figure 3.14).

The SAM single fleet model configuration is given in Annex 5. Diagnostics of the
single fleet stock assessment modehre further shown in Annex 6.
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Figure3.13: Comparison of SSB from the stoaksessment models configured for HAWG and WKMSEherring. The
difference between the two assessment models is the nimtlusion of the data from the LAI survey (early larvae

survey)
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Figure3.14: Comparison of SSB from the stock assessment models as configured for WKMSEherring
with and without data in the intermediate yeafImY) The data in the intermediate year are the IBTS

Q1 and IBTSO indices

3.5 MSE request and framework

The MSE follows the framework from WKNSMSE (ICES (2019)) with two main
blocks (Figure 3.15): the operating model (OM) and the management procedure
(MP). Following the joint request (Annex 1), the management procedure (MP) is
for the single fleet, i.e.aggregating catches across fleets harvesting the NSAS
stock. In contrast, the operating model is multi -fleet, modelling the dynamic of
each fleet separately.
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The MSE is broken down into different components (Figure 3.15):

1.

The Operating Model (OM) which simulate s biology and the fishery
system with 4 different fleets A -D

The Management Procedure (MP) that uses a set of observations to
determine a single catch advice.

Within the MP, the estimation method estimates the state of the stock each
year. Here, the SAM stock assessment configured as of HAWG2024 (ICES
(2024p)) with the changes described in Section3.4, is used asthe estimator.

Within the MP, the decision process follows the procedure described in

Section 3.3 The results from the estimator are projected in the forecast
year and a Harvest Control Rule (HCR) is applied. Here, the main HCR

considered is a hockey-stick (F2-6 vs SSB with Btrigger and Ftarget as

control points (Figure 3.16) that require tuning. For a given year, the HCR

provides a target F that is translated into catch (i.e. TAC).

In the implementation system, the catch advice is split into the A -D fleets
in the OM.

The evaluation of the management strategies is done through
performance metrics: average SSB, averageatch, Inter-Annual Variation
(IAV) in SSB and catch, fishing pressure on adults (over ages 26), fishing
pressure on juveniles (over ages 01) and risk of falling below Blim
(biological reference point). More specifically, the latter is taken as the
maximum probability that SSB is below Blim, which corresponds to ICES
Risk3 (ICES (2019)). Performance metrics are evaluated in the short (5
years, 20242028), medium (5 years, 2022033) and long term (15 years,
20342048).

In order to encapsulate a range of uncertainty in the MSE, seven different OMs
are considered (Table3.2). These OMs are broken down into three categories:

1.

base category, containing a single OM using rationales relating to
previous ICES working group son NSAS herring.

stock recruitment category, containing 3 OMs encompassing a range of
uncertainties around stock recruitment.

natural mortality category, containing 3 OMs encompassing a range of
uncertainties around natural mortality.

This set of seven OMs is the reference set of the MSE capturing a range of
plausible uncertainties about the stock biology. This follows best practice when
conducting MSEs, i.e. to consider more than a single OM (Punt et al. (2016).
Results for the MSE are integrated over all seven OMs in the reference set, but
performance of management strategiesunder individual OMs is also reported.
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Additional robustness and sensitivity tests are conducted. The runs for the
sensitivity tests are limited to the cell in a grid of Ftarget-Btrigger combinations
(with the range s specified in the joint request) that maximi sescatch with an ICES
risk A5% for the reference set This was done for practical reasons and should
not be considered a recommendation for selecting that cell. These sensitivity
tests consider changes in exploitation patterns, juvenile fishing mortality, age
shift in selection patterns for the directed fishery , omitting TAC constraints , and
implementation of banking and borrowing (scheme 1 as described in WKNSMSE
(ICES (2019))). All OMs are projected 25 years (to 2048) into the future with 1000
replicates. A summary of these OMs is given in Table 32. The specificities for
the stock recruitment OMs are further expanded in Table 3.3.

The seven OMs from the reference set are used for tuning the control points of
the HCR (Btrigger/Ftarget). To that aim, they are combined so there is equal
weight between the three categories.In practice, the base OM is replicated three
times (i.e., 1000 x 3) to achieve a comparable weight tothe other two OMs
categories (i.e.,three OMs for stock recruitment and three OMs for natural
mortality ). Through combining, a final combined OM of 9000 replicates is
constructed. Performance metrics are computed on that basis.

The MSE is conducted using the FLR framework, more specifically the mse
packagethereof?.

2 https://github.com/flr/mse
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Figure3.15: Diagram of the MSE frameworK.he different numbers correspond to the different
components of the model, as described in detail in the text.the Operating Model. 2: the
Management Procedure3: estimation method. 4: decision process. 5: implementation system. 6:
evaluation of the management strategie®\dapted from Punt et al. (2016).
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Figure3.16: Requested Harvest Control Rule (HCR) for North Sea autspamwning herring. The

SSB (spawning time)

Ftarget and Btrigger are the control points.
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Table3.2: Summary of considere@Ms, either as a reference sdtef), as a sensitivity tes{sens)or as a robustness test (robWhilst reference sets are used for tuning
(Btrigger/Ftarget), the runs for the sensitivity tests are limited to the cetirresponding to maximizing catch with an ICES risk < 5% for the referenc&kett time
series refers to the period 2002024 while long time series refers to the perio@9471978, 19912024(i.e. full time series buexcluding the recovery period of the

stockafter its collapse@.

Name | Bidogical Fishing seletivity Fleet_behavior | Specificities Type | Group
variables

Base | 10 years Random walkising | 20222023 SR fitted to short time series with steepness based on f{ ref | Base
last 10 years effort time serieswithout recovery period

SR1 | 10 years Random walk using | 20222023 SR fittedto short time series ref | SR
last 10years effort

SR2 |10 years Random walk using | 20222023 SR fittedto full time serieswithout recovery period ref | SR
last 10 years effort

SR3 | 10 years Random walk using | 20222023 SR fittedto full time serieswithout recovery periodwvith rob |-
last 10 years effort depensation This only concerrBervertorrHolt (BH)

SR4 | 10 years Random walk using | 20222023 SR fittedto full time serieswithout recovery periodwvith ref | SR
last 10 years effort autocorrelation

M1 10 years Random walk using | 20222023 M replicates using mulspecies covariance matrix ref | M
last 10 years effort

M2 10 years Random walk using | 20222023 Upward absolute scaling of M (add#D.07) ref | M
last 10 years effort

M3 10 years Random walk using | 20222023 Downward absolute scaling of jAddM=-0.03) ref | M
last 10 years effort

SEN1| 10 years resampling 2013 20132021 Fishing exploitation resamplgdom the 20132021 time sens| -
2021 effort period
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Name | Bidogical Fishing seletivity Fleet_behavior | Specificities Type | Group
variables

SEN2| 10 years resampling 1998 19982003 Fishing exploitation resampldtom the 19982003 time sens| -
2003 effort period

SEN3| 10 years resampling 2013 20132021 FO1 varied over-0.1in stepsof 0.025 sens| -
2021 effort

SEN4| 10 years resampling 2013 20132021 Shiftingselectivity ofthe A fleet. No fishing from fleets-B. | sens | -
2021 effort

SEN5| 10 years Random walk using | 20222023 TAC constrainteff sens| -
last 10 years effort

SENG6| 10 years Random walk using | 20222023 Banking and borrowing withAC constraintsn sens| -
last 10 years effort

M4 10 years Random walk using | 20222023 Downward absolute scaling of M (addd40.05) rob |-
last 10 years effort

M5 10 years Random walk using | 20222023 Upward absolutescaling of M (addM:0.1) rob |-
last 10 years effort
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Table3.3: Summary othe conditioning of stock recruitmentor the different OMs The aspects that are changed across OMs are: the type of stock recruitment models,
the time period considered, the inclusion of autocorrelation (AR1 process), the inclusion of depensadion fixing of steepness anthe modelling used fotthe

deviance in recruitment. Two periods are considered tbe fitting of the stock recruitment Theshorttime period is20022024, corresponding tahe recent

recruitment regime for NSASThe long time period i49471978 1991-2024, corresponding to the entire time series but excluding the period over which the NSAS stock
was recovering from collapsdRecruitment deviance was modelled with either multivariate lognormal distribution ¢lnorm) or a multivariate lognormal distribution

with an AR1 autocorrelation process (rlnormarl).

OM Sock recruitmentModel Timeperiod AR1process depensation Seepnessassumption deviance
Base | BevertonHolt short no no fix S rlnorm
Base | SegnentedRegession short no no fix a rlnorm
SR1 | BevertonHolt short no no rlnorm
SR1 | Segmented Regression short no no rlnorm
SR2 | BevertonHolt long no no rlnorm
SR2 | Segmented Regression long no no rlnorm
SR3 | BevertortHolt long no yes rlnorm
SR4 | BevertorrHolt long yes no rinormarl
SR4 | Segmented Regression long yes no rinormarl
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OM construction

The construction of the OMs draws from what was developed during previous
NSAS MSE workshops (ICES (2019)).

4.1 Stock replicates

A key part of the MSE is the inclusion of uncertainty in stock numbers and
fishing pressure (or fishing mortality) estimates. Here, these uncertainties are
introduced in the OM by including parameter estimation error using the
variance-covariance matrix derived from the SAM model fit. From the fits of

the stock assessment model, 1000 replicates of model parameters argenerated,
providing 1000 stock replicates. Further details can be found in Fisher (2024)
and the WKNSMSE report (ICES (2019)).

Whilst stock numbers and fishing pressure at age is replicate-specific in the
historical period, all observations are kept the same. The impact of the number
of replicates on the calculation of ICES risk 3 is shown in Figure 4.1.Figure 4.2
shows the uncertainty bandwidth from the stock replicates, together with
examples of individual stock replicates.

0.08 - |

BB e b e e

0.06 - |

0.04-

ICES risk 3

0.02 -

0.00 -
100 200 300 400 500 600 700 800 900 1000
Number of replicates

Figure 4.1. Impact of the number of replicates on ICES risksthg the base OMThe yaxis gives the distribution
of 50 calculations oRisk3 where each calculation uses the number of replicates shown on thexis that were
re-sampled with replacement from the original 1000 replicates.
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4.2 Resampling of biological parameters

In the future projections, stock weights, maturity level and natural mortality
are resampledtogether from the last 10 years (i.e.2014:2023), i.ein the low
productivity phase for the stock that is estimated to have started around 2002.
The resampling is done in blocks of years to maintain a certain level of
autocorrelation. This resampling process is performed by:

1. Randomizing a starting year in 2014:2023

2. Randomizing the number of years in a block, with a maximum 10 (in the
case 2014 is drawn as the first year with a block of 10 years)

The process results in a series of blocks spanning the projection period (2024
2048). This sampling scheme results in an uneven sampling of individual year
(20142023), as shown in Figure4.3. The corresponding maturity level, stock
weights and natural mortality are further shown in Figure s4.4-6.

30004

2000 — —

count

1000 -

0+

2013 2016 2019 2022
yearSamp

Figure4.3: Distribution of years for the resampling of biological parameters.
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Stock weight

0

0.

0

o

0

0.

0

04,

0 1 2
24
" BN e
0
3 4 5
24 S e———| [
I NP WSV- ST
14
0-
6 7 8
.2-‘\_,.._\,_____ h U Sunmmnmssmse— L W ]
14

2010 2020 2030 2040

2010 2020 2030 2040
year

2010 2020 2030 2040

iter

— 403
— 408
— 729
—— 966
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Individually colaired lines are drawm from individual OM replicates.
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Figure4.6: Future natural mortality.The black line is natural mortality from the SMS mutpecies model for
historical years and the median across replicates for the projection periRihbons are the 9%/5%quantiles.
Individually colaired lines are draw from individual OM replicates.

4.3 Fleet effort

The implementation system, as depicted in Figure 3.15, distributes the single
catch for the forecast year derived from the HCR among the different fleets (A -
D). Such a split is based onthe yearly fleet fishing effort , which is defined as
apical (or maximum) fishing pressure over all ages, i.e.:

0w OERO® oo

with 'O & is the fishing effort of fleet "Gn year ¢ The quantity "O ¢hw is the
fishing pressure at agein year w The fishing effort by fleet is shown in Figure
4.7. Because fishing effort relates to fishing pressure, it allows one to control the
dynamic of fishing fleets whilst retaining the selectivity of a given fleet. In
practice, the quantities that will be used in the implementation system are the
efforts of fleet B, C and D relative to fleet A. These are calculated as:

iy ® O 0fO ®
ir & O GOIO 6
iy ® O OTO &
These quantities are specific to each replicate. These are plotted across 1000

replicates in the historical period in Figure 4.8. For example, the fishing effort of
fleet B in 20222023 isabout 19% of the fishing effort of fleet A whilst the fishing
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effort of fleets C and D are marginal in that time period. For the different OMs,
the relative fishing effort is resampled from different time periods:

3 base and other OMs in the reference set: relative fishing effort taken as
the average over 20222023

3 SENLI.: relative fishing effort resampled in a block of years (similar
process as describedn Section 4.2 but different blocks to those used for
biological variables) over the period 20132021

3  SENZ2: relative fishing effort resampled in a block of years (similar
process as describedn Section 4.2,but different blocks to those used for
biological variables) over the period 19982003

The differences between these periods for the fishing effort relative to fleet A
are exemplified in Figure 4.9 (fleets B, C and D)
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Figure4.7: Time series of effort over the period 1998023 for fleets AD. Thesharedareas corresponds to the
periods over whiclthe effort for fleets B-D relative to the effort of fleet A is resampled, namely 20223
(blue), 20132021 (green)and 19982003(red). Ribbons are the 95th/5th quantiles.
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4.4 Fishing selectivity

The future selection patterns are assumed to follow an age-correlated random
walk (similar to the design in the SAM assessment). Starting from the 2023
estimated selection pattern, eachofthe| OO O0OP P OT wal EUUz wUI O1 EUDPO
modelling a change in selection-at-age to the next yearas differencesin log -
transformed F-at-age (log-differences). All log-differences from one year to the
next for the projected time-series follow a normal distribution with  zero mean
and a variance-covariance matrix of log-differences over the years 20142023
(from year y to year y+1 within each age). To prevent extreme F-at-age changes,
each generatedlog-difference waschecked; a logdifference was kept if it
resulted in log-transformed F-at-age within + 1.96times the age-specific SD (i.e.
95% ClI) of the original 20142023 values, and regenerated if not.

The fishing selectivities across base and other OMs in the reference se{Ref),
20132021 (SEN1 OM) and 1998003 (SEN2 OM) are shown inFigure 4.10. For
the A-fleet which is dominating the fishery, it can be observed that the selectivity

at age is increasing with age in recent years whilst more dome shaped over the
period 1998-2003. The resampling in the different periods translates into
different fishing selectivity patterns as shown in Figures 4.11-13.
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4.5 Natural mortality

The natural mortality is based on the output of the SMS multi -species model
from WGSAM (ICES (2024b)) which spans the period 19742022. The raw
values are first smoothed using a loess smoothing (span of 0.5). For years prior
to 1974 and after 2022, a roling average over the 5 most recent years is used.
The resulting natural mortality times series at age are then scaled by profiling
the assessment model over a range of additive scaling (Figure3.10). As of
HAWG 2024, the additive scaling is addM =0.02, a \alue that is used in all
OMs except those considering deviations in natural mortality (Table 3.2,
namely M2, M3, M4 and M5). The OMs considering uncertainties in natural
mortality deviate in different ways to the procedure above and will be
described separately in the following sections.

One specificity of the natural mortality scenarios (M1 -5) is that whilst each
replicate is conditioned on different natural mortality vectors, the natural
mortality taken as observations (i.e.used for fitting the estimator in the
management plan) is the one from HAWG. This mimics a model
misspecification, simulating the case of having an underlying natural mortality
that differs from the one applied in the yearly assessment model used to derive
catch advice.

The comparison between the different natural mortalities at age is shown in
Figure 4.14.
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Figure4.14: Time series of natural mortality at age for the different OMs considered. Ribbons are the 95th/5th
quantiles. The black vertical line is the year at which projections are starting

45.1 M1 replicates in predation mortality

OM M1 considers replication in the predation mortality using the variance -
covariance matrix from the 2023 SMS multi-species model (ICES (2024b)). A set
of 1000 replicates of natural mortality at age are first generated (Figure 4.15).
For each replicate, the SAM stock assessment model is profiled over additive M
scaling (as shown in Figure 3.10). This profiling procedure results in an addM
between 0.01 and 0.03Figure 4.16)which is a very narrow range of values over
the value of the base assessment model(.02). Using the optimal additive M
scaling for each replicate, the stock assessment is then fitted. Therefore, each
replicate benefits from an assessment fit that is used to draw further
uncertainty from the variance -covariance matrix derived from the SAM model
fit, as described in Section3.3 and 3.4 The resulting uncertainty over 1000
replicates is like the base OM as shown in Figure4.17.
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Figure4.15: Replicates imatural mortality. The graph shows individual replicates together with the

95%/5% quantiles as grey shaded areas.
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Figure4.16: Additive M resulting from the profiling of individual assessment modeisputed with 1000
replicates of natural mortality.
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Figure4.17: Stock trajectories (FO1, F26, rec and SSB) over the historical period for the base and M1 OMs.

Ribbons are the 95th/5th quantiles.

45.2 M2, M3, M4 and M5: scaling of natural mortality

Natural mortality for the NSAS herring assessment is derived from the SMS
multi -species model (ICES (2024b)) as described above. These values are
updated triennially by the ICES working group on Multi -Species Assessment
Methods (ICES (2024b)). Given this 3year cycle, it is not uncommon that
mortality rates shift between update s of SMS assessments. Taking these new
values directly as input may cause considerable shiftsin the perception of the
NSAS herring stock. To alleviate this issue, the profiling method described
previously was developed at the 2018 berchmark (ICES (2018)) and 2021 inter
benchmark (ICES (2021)) to smooth the transition between these cycles. This
process is however, based on a statistical fit of the stock assessment model
which do esnot alleviate potential uncertainties in the absolute level of natural
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mortality. In that context, the M2 and M3 OMs aim at encapsulating this
uncertainty in the OM reference set (i.e. cases considered in the tuning of the
HCR). More specifically, the M2 OM considers higher natural mortality levels
whilst the M3 OM considers lower natural mortality levels. OMs M4 and M5
consider further extremes in the bandwidth of absolute level of natural
mortality but only as robustness tests. Here, the methods employed to derive
the M2, M3, M4 and M5 OMs are explained.

For M2 and M3, the profiling of the base assessment over stock replicates is
employed. This is in line with the estimation uncertainty of all other parameters
to generate OMs. Using the variance-covariance matrix derived from the SAM
model fit, 1000 stock replicates and associated new sets of observations were
generated. The SAM stock model was then fitted to each individual set of
observations and the profiling method from the 2021 inter -benchmark (ICES
(2021)) was applied, spanning additive scaling in natural mortality from -0.1 to
+0.1 in steps of 0.01. This procedure yielded additive scaling in natural mortality
for each replicate, in turn providing the distribution of additive scaling across
the 1000 replicates. This distribution is shown in Figure 4.18. It can be observed
that the additive scaling that is cumulative to the 0.02 from the base assessment
is between -0.08 and +0.08 with mean of Qand the 95% quantile range is0.05 to
0.05. Using these results, the M2 and M3 OMs are constructed with:

3 M2: adding 0.05 to the HAWG 2024 natural mortality vector, leading to
a total additive scaling of 0.07.

3 Ma3: subtracting 0.05 to the HAWG2 024 natural mortality vector,
leading to a total additive scaling of -0.03.

Drawing uncertainty in additive scaling from assessment stock replicates was
deemed more consistent with the OM conditioning for this MSE exercise. For
this reason, M2 and M3 OMs were included in the reference sets. However, an
alternative way to draw unce rtainty in additive scaling is to use the profiling of
the base assessment. From this profile, a 95% confidence interval can be drawn
for the range of parameters for which the log -likelihood lies within 1.92 of the
maximum log -likelihood value. This is exemplified in Figure 4.19 (black
horizontal line as the 1.92 level offset). The corresponding natural mortality

time series are used for the M4 and M5 OMs that are only considered as
robustness tests. More specifically:

3  M4: total additive scaling of -0.05
3  Mb5: total additive scaling of 0.1
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Figure4.19: Stock assessment model profiling over different level of additive M scaling and
correspondingnatural mortality OMs. The OMs from the reference set are M2d vertical line,

addM =0.07) and M3 Iplue vertical line, addM=-0.03) that have their additive rescaling derived from
the distribution of assessment profiling over 1000 stock replicates (Figdiy. The OMs M4 and M5
are part of the robustness test and are derived as an offset of 1.92 points in log likelihood from the
optimum (red point).
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4.6 Recruitment, SR function and deviances

Simulating recruitment into the future is a key aspect of the MSE exercise.
Assumptions about recruitment often drive the trajectory of the stock and , in
turn, the ability to harvest it at higher or lower fishing mortalities. For this
MSE, stock recruitment relationships are derived for each replicate, after these
are drawn from the stock assessment model variance covariance matrix
(Section 4.1) Here, five different bases of stock recruitment underpin the
different OMs (Table 3.3). More specifically:

1. Base: rationale relating to previous ICES working group on NSAS
herring, i.e. recovery dynamics from the full period and productivity
from recent period.

1 Fit using a cropped time series(20022024), fixing steepness based on
the full time series (19472024excluding 1979-1990.
1 No depensation parameter

2. SR1: what if recovery dynamics is also inferred from the recent time

period?
9 Fit using acropped time series (20022024)
1 No depensation parameter

3. SR2: what if productivity is inferred from the full period?

1 Fit using the full time series (1947-2024 excluding 19791990)
1 No depensation parameter

4. SR3: what if depensation is taking place?

1 Fit using the full time series (1947-2024 excluding 19791990)
1 Inclusion of depensation parameter

5. SR4: what if autocorrelation is playing an important role?

1 Fit using the full time series (1947-2024 excluding 19791990), using
autocorrelation as a parameter
1 No depensation parameter

For all OMs except SR3, &0%/50% mix of stock recruitment functions between
segmented regression(Segreg)and Beverton and Holt (BH) is used. For SR3,
because of the poor statistical fit for the segmented regression function
including depensation, only the BH function is considered (i.e. 500 replicates).
The fits between the different recruitment functions ar e shown in Figure 4.20.
Expectedly, the fits over the long time series lead to higher productivity and
steepness.

The recruitment functions are used to generate recruitment in projection years.
On top of these, deviances are applied as an additional multiplier. These
deviances are predefined for each replicate. These are generated using a log
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normal distribution with sd estimated ad hoc from the fit of the recruitment

function for each replicate. The deviances for the different OMs are shown in
Figure 4.21.

For SR4 however, these deviances are correlated in time. For the B SR
relationship, autocorrelation is estimated directly when fitting the SR model to
the stock-recruit pairs (and therefore affecting the fit of the relationship as well) .
For the Segreg SR relationship,autocorrelation is calculated from the residuals
of the model fit. For both models, auto-correlated deviances are generated from
an auto-correlated log-normal distribution with a mean of zero and sd as
estimated from the residuals.
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Figure4.20: Stock recruitment functios for the different OMs considered. All OBexcept SR3 is a 50% mix of
Segmented RegressiqeegRedacet) and BevertorHolt (BH facet). Ribbons are the 95th/5th quantiles over 500
replicates.
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Figure4.21: Recruitment deviance for the different OMs considerell OMs except SR3 is a 50% mix of
Segmented Regression (segReg facet) and Beveldolt (BH facet)Ribbons are the 95th/5th quantiles.

4.7 Process error

The SAM model estimates process error onthe log-transformed numbers-at-age.
Process error can be interpreted asdepartures not explained by fishing or the

assumed natural mortality at each age (e.g. migration). New process errors must
be generated in OM projections, because other OM values estimated by or
derived from SAM are conditioned on the process error estimates. Practically
speaking, OM projections without process error will result in new numbers -at-
age that are higher and lower than they should be. Process erros are assumed
to follow a normal distribution with zero mean and age -specific standard
deviations output by SAM. These standard deviations are used with a truncated

normal distribution (with truncation at + 3 sd) to generate new process errors for
OM projections. The equation for incorporating these process errors is shown in

Section 4.8.4.The level of process error for the different ages is presented in
Figure 4.22.
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Figure4.22. Process errodevianceapplied to stock numbers at age in therojection period.

4.8 OM Projection

The OM projections are done using the FLasher package (Scott and Mosqueira
(2023,b)) from the FLR framework (Kell et al. (2007)). In order to describe the
process underlying the projection, the documentation from the FLasher
package will be used, more specifically the FLasher_reference vignette (Scott
and Mosqueira (2023a)).

4.8.1 Calculating the fishing mortality

Fishing effort and fishing selectivity (defining the exploitation pattern) drives
the catches and biological stock abundance through fishing mortality. As such,
it is a key metric of the model, as explained in Section4.3. Fishing mortality (F)
is an agestructured metric that represents the impact of fishing on the stock.
The fishing mortality imposed on the fish stock from a catch amount is known
as the patrtial fishing mortality. This is because in FLasher, fishing morta lity can
be split across ages into different stocks and different fleets.For NSAS herring,,
the fish stock is fished by multiple fleets (A -D). The partial fishing mortality is
calculated as:

NG, YO

where &is age,and othe index relating to the fleet realising the catches. The
guantity ) "@ the partial fishing mortality, “Y'Qsithe fleet selectivity and Ois
the fishing effort. The effort ‘Ois defined as presented in Section4.3 (maximum
fishing pressure over all ages, or apical F) The total fishing mortality imposed
on a stock from all the fisheries is the sum of the partial fishing mortalities:
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O NG NG NG N
4.8.2  Projecting the fisheries

In each time step of the projection, the landings and discards numbers are
updated. In the case of NSASherring, discard is set to 0O as bycatchin fisheries
other than fleet B and D is considered to be negligible. Catch numbers at age in
each time step are calculated using the Baranov equation. For NSASherring, the
stock is fished by fleets A-D. The catch of each fleet is the partial catch. The total
catch equals the sum of the partial catches from that stock:

6 noéx N6y NOx N0y
The partial catch is given as:

no O (' p Q 0
with @the total mortality of the stock and 0 the abundance at age. The total
mortality is given as:

® O 0

with 0 the natural mortality at age.

4.8.3  Projecting the stock

The biological stock is projected one timestep at a time by the FLasher package.
The method calculates the survivors from the previous timestep and places
them in the current timestep. Recruitment in the current timestep is calculated
using the stock recruitment function. More sp ecifically, the projection sequence
is as:

1. Calculate total mortality ( &) on the stock in the previous timestep (see
above).

2. Calculate survivors (Y from the previous timestep.
3. Calculate recruitment for the current timestep.

4. Place survivors and recruitment in the appropriate age classes in the
current timestep.

4.8.4  Cdculating survivors

Abundance at age in a given time step is at the start of a timestep, i.ebefore
any fishing or natural mortality occurs. The survivors “Yare the abundances at
age at the end of a timestep in a given yearw calculated as:
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"Yﬁ Uﬁm h 0 h

where 0 j, is the population abundance at the start of the timestep and - j is
the age- and year-specific process error on survival (Section 4.7) The survivors
are put into the abundances in the next timestep. The age group that survivors
are placed in depends on the timestep and the timing of recruitment. For the
MSE, the recruitment is taken at age 0 and timesteps are of 1 year. The plus
group i s age 8. As the projection progresses by 1 year, the survivors are placed
in the next age group.

485 Recruitment

Recruitment is one of the most important biological processes as it drives the
dynamics and productivity of the stock. It is also a source of great uncertainty
and can be strongly affected by external drivers such as environmental
conditions. In Flasher, calculating recruitment has two main stages:

3 Calculating the spawning stock biomass (Y"Y)o
3 Calculating the recruitment from the SSB:'Y "Q2 2 !

"Y"Yih year wis calculated as:
YO 0r , EQ ©op QanaxUl UxpO

Where 0 is the plusgroup in the stock, O @ & the proportion mature, w ois the
mean weights at age andéx U 1 Udtiie amount of mortality (fishing and
natural) experienced by the stock before spawning occurs in the current
timestep. The timing of spawning for NSAS herring is 0.67(1st September).

In the MSE, recruitment is modelled as a single unit, meaning a single
recruitment event takes place. It is considered appropriate for the MSE
modelling purpose though in practice NSAS herring has four different spawning

components with spawning timings in both autumn and winter. The recruitment

functions considered here are described in Section 4.6. The calculated
recruitment is inserted into the abundance in the same timestep meaning that
recruitment is calculated at the start of the timestep.

The final step in calculating recruitment is the application of deviances. This is
an additional multiplier applied to the calculated recruitment. The deviances are
used to introduce further variability in recruitment.
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4.8.6  Projection targets

Generally, projections are controlled by targets using FLasher (Scott et al.

(2023a,b). Targets cannot be specified by age and are aggregated over all ages.

However, the targets are specific to each stock replicate. Targets can be set to
different components of the model, e.g. the entire stock itself, or a specific
fishery. The catch and fishery targets are specific to each fleet. Furthermore, F
targets also require the age range over which to calculate it. These targets can
be defined as relative to another fleet (e.g.effort of B-fleet relative to fleet A).
See next section for specifics to the NSAS herring MSE.

4.8.7  Evaluation of targets

To solve the projection, the FLasher package attempts to find the fishing effort
values in the appropriate timestep to hit the desired target:

Q o dU
Where 0is the target defined, dill the state of the operating model at a given
level of fishing effort (where we are) and the error Qis the difference between
the two. FLasher attempts to find the fishing efforts so that dinimizes Q The
projection targets for this MSE are described in Section4.9, and ensure that the
single TAC from the MP is conv erted into fleet-based catches in the OM,

respecting the relevant fleet effort and fishing selectivity scenarios (Sections 48
and 4.4 respectively).

4.9 Implementation system

To implement the single TAC into four different fleets, the implementation
system is undergoing an optimization process based on different targets. This
is done to constrain fluctuations in behaviour of the four fleets. This process is
undertaken using the Flasher package from the FLR framework, as described
in the sections above.

Important to the projections are the following:

3 Catch quota is what is implemented by managers in practice. Therefore,
the catch should correspond to the catch quota from the management
strategy.

3 The distribution of the catch quota in term of fishing pressure between
the different fleets should mimic selected past periods (reference set as
20222023, SEN1 as 2012021, SEN2 as 1992003). The period over
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which fleet behaviour is resampled defines selectivity at age and fishing
effort (Sections 4.3 and 4.4)

Under these two principles, projections are made using the following four
projection targets:

1. 6 & 3 "®
2. 0® 17 O
3. 0O% iy O
4. 06 15 O

with ‘O the effort of fleet "(as defined in Sections 4.3 and 4.8L. The quantity i ¢
is the ratio of effort "Qelative to fleet A (see Figure 4.7 and 4.8). These are
sampled over selected periods (Table 3.2). The projection based on fishing
effort relative to fleet A links fishing pressure on juveniles to fishing pressure
on adults (Figure 4.23) This is because a decrease or increase of fishing
pressure is implemented in fleet A (targeting adults) and the relative decrease
or increase in effort of this fleet is followed by other fleets (e.g. fleet B and D
with a bycatch of juveniles).
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Figure4.23: Yearly ratio of F@L to F26 for projections under F=0.2 constraint. This quantity remains
independent from the choice ofishing pressure on adults. Ribbons are the 95th/5th quantiles.

4.10 Observation Error Model (OEM)

In each projection timestep, catch and survey data are generated. The catch at
ageis generated directly from the OM by applying the deviances to each catch
at age:

Opegdy 6 dd ET Y
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with E | Ybeing catch at age deviance.

The survey indices are generated as:
Gy o Op Q  F ET Ydo

with "0, ; and | j the survey index numbers of survey "(at age®in year wand
catchability of survey "Gat age respectively. The quantity 0 is the timing of
the survey and E 1 Vis the index at age deviance.

The residuals for catch at age aml survey at age are drawn from a log normal
distribution, using standard deviations estimated by the SAM assessment
model. This is specific to each data source each OM and each stock replicate.
The resulting residuals on catch at age are shown in Figure4.24. The resulting
index at age residuals are shown in Figure 4.25.
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Figure4.24: Distribution ofdeviancesn catch at age for the projected years.
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Figure4.25: Distribution ofdeviancesn index at age for the projected years.

4.11 Biological reference point

The biological reference point Blim is of importance for the MSE because the
risk performance metrics are calculated as the probability of being below Blim.
The derivation of Blim is done similarly to previous derivation during ICES
workshops and working groups on NSAS, i.e. WKPELA (ICES (2018)),
IBPNSHerring 2021 (ICES (2021)), HAW&024 (ICES (2024)). More
specifically, a segmented regression stock recruitment function is first fitted.
Then, Blim is taken as the breakpoint of this fit, i.e. the ®parameter. For NSAS,
the time series used to fit the recruitment function spans 1947-2024excluding
years over which stock recovery is taking place (1979-1990). In the MSE, the
Blim values are specific to each replicate as each replicate exemplifies a unique
set of stock recruitment pairs. The distribution of Blim values is shown in
Figure 4.26 for the different OMs. As anticipated, the distribution of Blim
values is the same for the base, SR1, SR2, SR3 and SRM! §) because the
conditioning of the replicates is the same. However, changes in Blim are
induced when altering natural mortality, i.e. for M1, M2, M3, M4 and M5. In
Figure 4.26, one can observe a shift of the breakpointto either side of the base
OM scenario when natural mortality is scaled up (M2 and M5) or scaled down
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(M3 and M4). This aspect isexemplified in Figure 4.27 by comparing the Blim
segmented regression fitting for the base, M2 and M3 OMs.
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Figure4.26: Distribution of the biologicareference point Blim across replicates for all OMs considered.
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Figure4.27: Contrast in the derivation of the Blim biological reference point for the base, M2 and M3 OMs. Using
a segmented regression fit, Blim is taken as the breakpoint.
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ManagementProcedure(MP) and tuning

The management procedure is model-basedand uses the stock assessment
model described in Section 3.4as the Estimation model (Figure 3.15).1t should
be noted that even though the models that are used to construct the OMs are
similar in structure to the stock assessmenimodel used as the Estimation
model, they are independent of one another in the MSE and do not necessarily
share the sameassumptions (e.g. biological parameters, recruitment models,
etc.), and only the monitoring data from the OM is passed onto the Estimation
model (Figure 3.15).In the managementprocedure, stock status(more
specifically SSB), is estimated using this Estimation model. From this stock
status, the management procedureconsists of the following rules:

1. A Harvest Control Rule (HCR) with a fishing mortality equal to the
target F when SSB is at or above Btrigger. In the case that the SSB is
forecasted to be less than Btrigger at spawning time in the year for
which the TAC is to be set, the TAC shall be fixed consistently with a
fishing mortality that is given by: F=FtargetxSSB/Btrigger. This HCR is
shown in Figure 3.16.

2. A constraint on the inter -annual variation of TAC is applied when the
HCR would lead to a TAC that deviates by more than 20% below or 25%
above the TAC of the preceding year. In such a case, the TAC is
respectively set as 20%below or 25% above the TAC of the preceding
year. The TAC constraint only applies if the SSB at spawning time in the
year for which the TAC is to be set is higher or equal to Btrigger.

3. A 10% banking and borrowing mechanism is allowed. Banking and
borrowing should be suspended when SSB is below Btrigger. The
impact of this is only tested under one scenario in SENG.

The combination of Ftarget and Btrigger defines the HCR. It is important to
note that Ftarget and Btrigger are control points for the HCR, based on
management objectives and decisions, and should not be confused with
reference points for the stock (e.g.Fmsy and MSYBtrigger or Bpa when
MSYBtrigger is not estimated). The process of evaluating the different
combinations of Ftarget-Btrigger is the tuning. This evaluation is done against
performance metrics defined in a given time horizon.

51 Performance metrics

For this MSE, performance metrics are computed yearly or over specific time
horizons. More specifically:
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3 Yearly stats (acronyms encountered in the different figures in
parentheses)

t  CV of catch per year (cvC) [Note this is an annual CV rather than
interannual variability given for IAV below]

Mean catch per year(Cy)

Probability that spawner biomass is below Blim (PBIlim)

CV of SSB per year(cvSB)

Mean SSB per yean(SBy)

Mean of fishing pressure on juveniles (age 0-1) per year (Fjuv.y)
t  Mean of fishing pressure on adults (age 26) per year (Fadult.y)

3  Metrics over the entire period (2024-2048), short (5 years, 2022028),
medium (5 years, 20292033) and long term (15 years, 203-2048):

t ICES Risk3, max probability that spawner biomass is below Blim

t Average percentage interannual change(or averageinterannual
variability ) in catch (IAV), calculated as follows:

- A~ A~ e

( S5AAMNOACAAOGOEWUI X"(lﬁ)l'ligtg—@i AJ w
t{  Mean catch over years
¢t Average interannual variability in SSB (see above definition for
IAV in catch)
t Mean SSB over years
t Mean fishing pressure on juveniles (age 0-1) over years
t  Mean fishing pressure on adults (age 2-6) over years

In relation to the LTMS request, performance criteria in the short, medium and
long term are: average SSB, average yield, Indicator for year to year variability
in SSB and yield and risk of SSB falling below Blim. Furthermore, the long-term
goal requested for the combination of Ftarget-Btrigger control points are: 1)
maximising yield, 2) minimising the risk of falling below Blim and 3) achiev ing
stability of catches.

5.2 Fixed F OM projections

Prior to running the MP, simple projections under constant fishing pressure are
conducted: 1) F=0 and 2) F=0.2.

The trajectories for F=0 are shown in Figure 5.1. Expectedly, the OMs that
generate the highest recruitment due to their stock recruitment relationship are
SR2 and SR4.This is because these are fitted on the long time series which leads
to higher productivity overall. The M2 scenario (positive additive scaling in
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natural mortality) also exemplifies high recruitment. These high recruitment

scenarios translate in high SSB levels. Important to noteis the high degree of
variability of the SR4 scenario due to the inclusion of autocorrelation in
recruitment deviances.

The annual risk under an F=0.2 constraint is shown in Figure 5.2. The
corresponding yield in different time periods is shown in Figure 5.3. Prior to the
application of any MP, these projections give first insights into the behaviour
under each individual OM. For example, it is clear that the SR4 scenario is prone
to higher risk because of large extremes induced by its large variability in
recruitment, especially for the BH stock recruitment function which was
associated with high autocorrelation. This aspect is exemplified in the stock
recruitment pairs Figure 5.4 which displays extremes in SSB and recruitment
levels compared to other scenarios.

Rec
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Figure5.1: Comparison OMs under no fishimgessure. Ribbons are the 95th/5th quantiles.
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Figureb.2: Annual risk under F=0.2 constraint for all OMhe red horizontal line is the 5% ICES Risk3 threshold.
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Figureb.4: Stock recruitment pairs for projections under F=0.2 constraint. Both the historical (black dots) and
projection period (blue dots) are plotted for the different types of stock recruitment scenaribi®te the

different scales on the yaxis

5.3 Description of MP building blocks

5.3.1  Decision process

The catch advice for NSASherring is taking place yearly, with a data lag of 1
year and a management lag of 1 year. The decision process consistsf the
following steps (Figure 3.12):

1. The assessment model (i.ethe estimator) is run in the intermediate year,
with input data up to the data year because of the 1 year data lag.

2. The stock estimations are projected in the intermediate year with a catch
constraint using the already known TAC for the intermediate year.
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3. The stock is projected in the forecast year with a fishing pressure
constraint. This target fishing pressure is calculated using SSB in the
forecast year, at spawning time. The HCR determining the fishing
pressure is a hockeystick type rule with Ftarget and Btrigger as control
points (see Figure 3.16). It is important to note that taking SSB in the
forecast year iscomplicated because fishing pressure in the forecast year
is derived from the SSB in the forecast year based on the HCR, which
implies that an optimization process is taking place to find the right
fishing pressure.

4. TAC is derived from catches corresponding to fishing pressure in the
forecast year.

5. Afurther TAC constraint is applied. More specifically, if the TAC
deviates by more than 20% below or 25% above the TAC of the
preceding year, the TAC is restricted to this respective limit . The TAC
constraint shall not apply if the SSB at spawning time in the year for
which the TAC is to be set is less or equal to the Btrigger control point.

The TAC is the quantity implemented by managers. Here, no implementation
error is added (i.e. no overshoot). The first year in the projection is conditioned
on the catches in 2023 andan already known TAC in 2024, determined at
HAWG 2024 (ICES (2024)).

5.3.2 Stockestimator

It is important to recall that in the decision process, the estimator is run with
data up to the data year and catch quota is determined for the forecast year,
i.e. 2 years ahead of the data year, as explained in previous sections. Using the
results from the estimator, two projections of one year are performed prior to
applying t he HCR shown in Figure 3.16.

The estimator used here is the SAM stock assessment model, configured at
HAWG. The convergence of the model is tracked for each iteration and projected
year. Two types of non-convergence are captured:

1. Failing in model convergence leading to no model output
2. Hessian not positive definite, leading to estimates without SD

When case 1. occurred, the stock replicate was dropped entirely. When case 2.
was encountered, model estimates were obtained and used. It only prohibited
the use ofthe SDs of recruitment estimates which are used for estimating
recruitment in the forecast as a weighted average over 10 years using
uncertainty in recruitment as weighting factor. When no uncertainty in
recruitment was available, an average with equal weighting was applied.

ICE
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In addition to the implementation of the estimator with the SAM model, a
shortcut was also built. This shortcut replicate sthe true population estimate and
applies a deviance on SSB estimates in the forecast year. This deviance is drawn
from a log normal distribution using an sdlog. For example, runs with the
shortcut set with sdlog=0 corresponds to a perfect stock assessmenin the data
year undergoing the same decision process described aboveThis shortcut was
used to troubleshoot the R codeand run basic tests (e.g. Figure 5.8). All results
presented further for the MP include the stock assessment model as the stock
estimator.

54 Estimation model performance and convergence

Overall, model convergence was not an issue. Across all OMs, no replicate
exemplified a SAM model run that did not converge (convergence case 1, as
listed in the previous section, see Figure 5.5 bottom panel). However, for some
replicates the hessian was not positive definite, which did not allow t he

deriv ation of model uncertainties. This case happened on single years over a
marginal amount of replicates ( Figure 5.5 top panel). Moreover, the occurrence
of this case did not prohibit the computation of subsequent projections.

Using the NSAS herring standard stock assessment model as the estimator is
computationally intensive for the MSE model. However, the inclusion is deemed
necessary because of the difficulty in characterising the estimation bias of the
assessment within the management procedure. The discrepancy between the
UOET UOabPOT w. , zUw22! wEOCEwWUT T wi UUPOEUDPOOwWI UO
5.6(a). When taken across replicates, it is clear that the estimator yietls accurate
estimation of the population . However, there is a contrasting mix of fits across
stock replicates. This is something to be expected, because the level adstimation
bias of the stock assessment model in the terminal year is a mix of several factors
such as the trends in stock trajectory or whether the stock is & low or high levels.
This is shown in Figure 5.6(b) for different replicates. In general, the maximum
assessment bias was in the order of 20% (Figuré.6(c)). The inclusion of the stock
assessment model in the management procedure compared with perfect
knowledge of the stock in the data year generally induces a substantial increase
of the risk (Figure 5.7).
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Figure5.5: Model convergence across OMs and all 41 grid cells coveredRapee5.8). The top panel shows the

% of individual years across all replicates, OM and grid cells where the Hessian was not positive definite, i.e.
var-covar matrix. The bottom panethowsthe % of replicates where the model did not converge.
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Figure5.6: Performance of the SAM stock assessment model in SSB. (a) Comparison of SSB from the OM and as
estimated by the SAM stock assessment model in projected years. (b) Comparison of SSB from the OM and as
estimated by the SAM stock assessment model for foandomly drawn replicates. (c) Bias in assessment
estimation, computed as SSB from the estimated divided by the OM SSB. In all panels, the comparison is made
for SSB in the terminal year of the projection. The base OM is used for the projectidtistte following control

points: Btrigger=1.7e6 and Ftar¢e0.34. Ribbons in (a) and (c) are the 95th/5th quantiles.
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