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Executive summary

The ICES Workshop on ICES reference points (WKREF2) was tasked review the WKREF1 report
and based on the outcome develop updated guidelines for the ICES reference points system and
recommendations for ACOM consideration. The WKREF1 report has suggested 5 key recom-
mendations to simplify and harmonise the ICES reference points framework representing a ma-
jor change to the current guidelines. At WKREF2, we detailed discussions and four key concerns
were raised about the proposed approach.

The first related to the simplification of rules to define Bim. Around two thirds of category 1
UUOEQUwWPOUOE Wi OERBwBawi Wl & Rutbdicidtibl Bet as a fraction of BO. The
OO0T T wiiiTTEOWOUW?E]I xI OUEUDPOO?» wOEAET wOOUI wbpOxOUUEOQU

furthered explored for ICES stocks since it has important consequences forBim. A number of
challenges and issues around defining Bim using the current guidelines were documented. Some
suggestions on improvement criteria were discussed including using classifiers to define spas-
modic stocks and using change point algorithms to address non-stationary productivity regimes.

However, further work is need to make these approaches operational and there was no consen-

sus that the WKREF1Bim types should replace the current guidelines.

WKREF1 recommended that the Fusy proxy should be based on a biological proxies and should
be less than the deterministic Fusv. It was pointed out that the stochastic Fvsy estimated in EQSim
for example, is lower than the determinis tic Fusv and that the current guidelines ensure that the
Fusy should not pose a more than 5% risk to Bim. A large amount of work described in WD 1 was
carried out to develop an MSE framework to consistency and robustness test a candidate refer-
ence point system for North East Atlantic stocks. However, WKREF2 recommended that further
work needs to be carried out to condition and test the simulation framework before the conclu-
sions could be adopted by ICES and incorporated into the guidelines.

A number of considerations for defining MSY related reference points were discussed including
using model validation and prediction skill to ensure that ICES provide robust and credible ad -
vice. There is evidence that density dependence (DD) is important in the majority of ICES stocks
(68% in recruitment and 54% in growth). The correct prediction of the shape and strength of
density -dependence in productivity is key to predicting future stock development and providing

the best possible longterm fisheries management advice. A suggested approach to use surplus
production models (SPMs) to account for DD in Fmsy was suggested and discussed but there was
no consensus on whether that approach was appropriate. There was consensus that the FECO
approach as a means of adapting taget fishing mortality to medium -term changes in productiv-
ity should be included in the guidelines subject to a benchmark and ACOM approval.

61 DOl we*13$%VWEOEwW! wi OEUVUUI EwOEDOOGawOOw" EVIT OUawhwUUOC
harmonised set of guideli nes for estimating MSY and precautionary reference points applicable
egories should provide equivalent risk across all stocks. This issue was discussed but norecom-
mendations emerged.

There was no consensus a revised reference point framework was proposed at WKREF2How-
ever, it was agreed that it should be presented here for further discussion at ACOM and other
fora. The key feature of the suggested approach is thd the stock status evaluation is treated in-
dependent of the Advice Rule (AR). The main feature of the system is that the biomass trigger is
not linked to a stock status evaluation, it is linked to the expected biomass when fishing at the
target fishing mor tality, in contrast to the current ICES approach. It also entailed that Fmsy would
also become an upper limit of fishing mortality and that the advised fishing mortality would be
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set at or lower than that level. WKREF2 did not discuss what to do in situati ons where SSB<Bim
or alternative forms of HCR for the advice rule. Building community understanding and con-
sensus around simplified and harmonised guidelines has yet to be achieved. A further workshop
WKREF3 will be required to achieve that aim. The report includes 6 recommendations for ACOM
consideration.
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This report is dedated to the memory of Professdeffrey Hutchings

who through his career contributed huge insights in the fields of fisheries

science and advice. He made an important presentation to WKREF on the
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Opening of the meeting

The ICES Workshop on ICES reference points (WKREF2) was held online, on 1413 January 2022.
The list of participants and contact details are given in Annex 2. The chairs, Colm Lordan (Ire -
land) and Rishi Sharma (FAO, Italy) welcomed the participants and h ighlighted the variety of
Terms of References (ToRs). The draft agenda was presented and ToRs for the meeting (Section
1) were discussed. The agenda was agreed and the online meeting proceeded.

ICE
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Terms of Reference

The Workshop on guidelines for reference po ints (WKREF2) chaired by Colm Lordan, Ireland
and Rishi Sharma, Italy, will meet as a hybrid meeting online and in ICES, 11-13 January 2022 to:

1. Review the outcome of the Workshop on ICES reference points (WKREF1).

2. Based on the outcome of WKREF1, develop bst practice guidelines on the esti-
mation of reference points with worked examples.

3. Develop recommendations for ACOM on a simplified and harmonised set of
guidelines for estimating MSY and precautionary reference points applicable in
the advice framework across various ICES stock categories.

WGREF2 will report by 15/02/2022 for the attention of the Advisory Committee.

Supporting information

Priority

High

Scientific justification

WKREF1 will propose a range of candidate methods to define and es-
timate reference points based on best available science which are ap-
propriate to the ICES advisory framework and end user needs.
WKREF2 will explore these methods in more detail by applying them
to a range of ICES stocks and where possible also simulation testing
the methods.

Based on these worked examples the WK will make recommendations
to ACOM on reference points guidelines.

In relation to b) the worked examples will need to be clearly docu-
mented in TAF for the community to use in the future.

Resource
ments

require-

Participants

Secretariat facilities

One meeting room at ICES HQ with at least one breakout room and
facilities for online participation.

Scientists with experience and interest in reference points definition
and estimation procedures from inside and also from outsi de the ICES
area.

Secretariat administrative, scientific and TAF support.

Financial

No financial implications.

Linkages to advisory
committees

The results of this work will directly feed the ICES advisory process.

Linkages to other
committees or groups

HAWG, WKGMSES3, WGWIDE, WGBFAS, WGCSE, WGNSSK,
NWWG, AFWG, WGHANSA

Linkages to other or-
ganizations

All advice recipients having an interest in ICES reference points.
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Scope of the workshop

The main objective of the workshop was to review the recommendations of WKREF1 and con-
sider how these might feed into a new reference points framework and guidelines for ICES.
There were a number of presentations on the wider issues of best practice for reference points,
the Allee effect, density dependence and the WKIRISH approach. The starting point was to try
and develop a set of simplified and harmonised guidelines based on the WKREF1 report rather
than evolving the current guidelines to include the WKREF1 conclusions. A key aspect of the
meeting was to allow for discussions in order to build a shared understanding of the strengths
and weakness of the current framework and of the new framework emerging from WKREF1.

ICE
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3 Review of WKREF1

WKREF1 was tasked to provide a thorough review of the ICES reference points system as a basis
to re-evaluate the process for estimating, updating and communicating reference points in the
context of the ICES advice (ICES, 2022). The key recommendations of WKREF1 were to:

i) revise and simplify how B im is derived, in cluding the possibility to determine B im as
a fraction of Bo based on biological principles and international best practice;

ii) Fr.osshould be calculated without B tigger

iii) to use biological proxies for deriving F msy, and the Fusv proxy must not exceed Fe.os
consistent with current ICES guidelines

iv) to report a biomass target (Brg) that corresponds to the Fusy proxy
V) to set Brigger @s either a fraction of Brg or multiplier of B iim

This constituted quite a major change compared to the current guidelines (ICES, 2021).Four key
concerns were raised in response to the initial presentation on the WKREF1 findings. The first
related to the three options for Bim proposed, this is discussed further in section 4.

The second related to the fact that the simulations carried out at WKREF1 used a Beverton and
Holt SR model, whereas in the current ICES framework different functional forms of SR are used

and the experts consider the most appropriate one(s) at benchmarks. WKREF1 recommended
that the Fusy proxy should be based on biological proxies and should be less than the determin-

istic Fusy. WKREF2 concluded that if either a Beverton-Holt or hockey -stick S-R relationship are
used, or maybe other functional forms as well, then a precautionary Fmsy would be needed, i.e
the Fusy should not pose a more than 5% risk to Bim, consistent with the current ICES guidelines.

However, it was pointed out that the stochastic F msv estimated in EqSim for example, is lower

than the deterministic Fwmsy (also estimated in EqSim).

The third issue related to how well Bo could be estimated given the long history of exploitation
of stocks in the ICES area compared to other areasFor New Zealand and US northwest coast
rockfish stocks, for example, the fisheries have recently developed and plausible levels of B are
known, whereas for North Sea cod, it is difficult to know what B o might be. Mace and Sissenwine
(1993) only investigated heavily exploited stocks in Europe and North America to estimate re-
placement %SPRThis was explored further durin g the meeting through the use of sanity checks.

The final concern that surfaced was around communication and governance considerations, and
the risk of scientist overstepping their remit and taking management decisions. WKREF1 re-
viewed the differences between what is done inside and outside ICES with reference points.
There was not much consideration on how any changes suggested might fit with the governance
system in the ICES areaWKREF1 recommended having a biomass target (B¢) corresponding to
the equilibrium biomass when fishing at the F target (F msv or proxy). It was noted that any
changes to the ICES reference points framework will require very clear terminology and rational.

3.1 Consistency and Robustness testing of candidate refer-
ence point system$or North East Atlantic stocks
Working Document 1 took the key recommendations of WKREF1 and conducted a large-scale

simulation testing experiment with feedback control for 64 ICES Category 1 stocks, with the aim
to evaluate the consistency and robustnessof candidate reference point systems. Based on the
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objectives of ICES advice framework (ICES, 2022, the evaluation criteria for testing consistency
are based on the following objects:

(1) to not exceed a 5% probability of SSB falling below Bm,

(2) to achieve high long-term median yields that correspond to at least 95% of the median yield
at constant Fusvy (MSY),

(3) to attain a high probability that SSB is above the FAO threshold of 80% of the Bg proxy for

Buwsy.

By considering stock-specific productiv ity and taxonomic grouping, WD1 then put forward the
recommended candidate reference point systems for further robustness testing under alternative
misspecifications of the stock recruitment relationship. Based on the simulation results, WD1
presents straightforward and transparent guidelines for setting optimal reference points depend-
a status classification system that is intended to facilitate clear and unambiguous interpretation
of the stock status.

Key results and conclusions

The results of both the self-test and robustness test clearly highlight the need to consider the
guidelines for setting reference points for category 1 stocks assessed by ICES are proposed ac-
cording to productivity category (Table 3.1).

Table 3.1 Guidelines for deriving target and trigger reference points in the newly proposed ICES syi$terfype 1 and
2 approaches (see Section 4 for types) can be used for all stocks to defiveSBR: Stoekecruitment relationship; BH:
Beverton Holt; HS: Hockeptick.

Productivity Feg Bire Birigger SRR
SPR% LOW Fspr:u] Bspr.m 08 X Bm__: BHfHS
Medium Fsprzm Bsprﬂl 0.8 x Bm__, BH/HS
ngh Fspr:"[] BsprS(J lx Blrg, BH;“HS
B% Low FB35 B35 0.8x Bug BH
Medium Fais Bas 0.8x Bug BH
High Frao Bao 1x Bug BH

Low and medium productive species - Fspraosavith stock and recruitment modelled as BH or HS
fulfils both the PA and the MSY criteria and is proposed as candidate for the future ICES system
to derive a target reference point (TRP). Fesswwith stock and recruitment modelled as BH fulfils
both the PA and the MSY criteria and is proposed as candidate for the future ICES system to
derive a target reference point TRP. Bm can be derived as either Type 1 or Type 2 (see section 4
for types), Brg (the median biomass when fishing at TRP) is the SSB that corresponds to Erraox0r
Fess% and Brrigger is set at 0.8 Bg.

High productive species - Fsersovawith stock and recruitment modelled as BH or HS fulfils both
the PA and the MSY criteria and is proposed as candidate for the future ICES system to derive
TRP. Feaowwith stock and recruitment modell ed as BH fulfils both the PA and the MSY criteria
and is proposed as candidate for the future ICES system to derive TRP. Bn can be derived as
either Type 1 or Type 2, Brg is the SSB that corresponds to Errsou0or Feaowand Brigger is set equal to
Brg Or higher.
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WKREF2 recognised the large amount of work described in WD 1 and the framework developed.
However, similar concerns to those already outlined above were raised regarding the need to
condition the simulation for the specificities of individual st ocks (e.g. stock specific SR functions)
rather than using a generic approach, and the requirement to sanity-check the results carefully
before making far-reaching changes to the current framework and guidelines. WKREF2 recom-
mended that further work is carr ied out on the simulation framework before the conclusions
could be adopted by ICES.
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Considerations for defining;B

WKREF1 proposed a simplified framework with 3 different types when defining B iim.

Bim Type 1: Consider an empirical Hockey-Stick for deriving Bim only if the data show contrast
and a break point is clearly defined

Bim Type 2: Determine a plausible Bim/Bo ratio based on biological principles and life history of
the stock (for instance, 10% to 25% of Bdepending on the type of stock)

Biim Type 3: For stocks where the stock development is dominated by occasional good yearclas-
ses (i.e. spasmodic recruitment), the lowest observed SSB(s) that gave rise to a good year class
can be used as basis for B

Alternative approximations (i.e. curren t type associated with subjective decisions) should be dis-
couraged. Biological plausibility checks (e.g. Bim > 0.1B) to ensure there is a sufficient safety
margin when setting B im.

In practice around two thirds of category 1 ICES stocks would end up as Type 2 according to the
analysis presented at WKREF1. This raises two fundamental questions: how well B is estimated
in practice for those stocks, and what % of Bis appropriate. There was no consensus that the
WKREF1 Bim types should replace the current guidelines. Below are some of the considerations
discussed by WKREF2.

4.1 Allee Effects, Alledffect Thresholds, and Their Poten-
tial Utility in Setting Limit Reference Points

(OUT UT U0whOw OO01T T wiiilTEUVUUOWOUWSs El x théfitsEnter-ardlz Owd OwOE U-
ysis in the mid -1990s (Myerset al, 1995); examples include Liermannand Hilborn (1997, 2001),

Keith and Hutchings (2012), Hilborn et al.(2014), Hutchings (2014, 2015), and Peraland Kupar-

inen (2017). One stimulus for this interest is the observation that cessation of overfishing has not

always resulted in stock recovery and rebuilding, raising the question of whether population -

size thresholds exist below which recovery is significantly impaired. A second stimulus lies in

the establishment of reference points in support of sustainable fisheries management, particu-

larly limit reference points for stock biomass, such as Bim (ICES, 2022).

Allee effects describe a positive association between population size (e.g. SSB) and realized (as
opposed to maximum, rmax) per capita population growth rate (realized or simply r), a metric

of the average individual fitness in a population. An Allee effect describes a pattern, not causal
mechanisms. Classic stockrecruitment (S-R) models implicitly as sume that compensatory dy-
namics persist as populations decline, meaning that r continually increases as SSB declines. How-
ever, if a declining population reaches a size below which the strength of negative dependence
weakens, or r begins to decline, with declining SSB, this pattern can be indicative of an Allee
effect.

The SSB at which r begins to decline (relative to the negatively density dependent pattern exhib-
ited at larger SSB) is termed the Alleeeffect threshold (Hutchings, 2015; Peréléaet al, 2022).That
is, Allee-effect thresholds identify the SSB below which negative density-dependence weakens
and below which stock recovery is increasingly impaired and uncertain.

The most common metric of r in the fisheries literature on depensation is recruits per spawner
(e.g. R/ISSB). However, it is important to note that r may well be more sensitive to changes in
natural mortality (M) than changes in R/S. If M increases as SSB declines (e.g. Swain & Benoit,
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2015), this will almost always reflect depensation, irre spective of the pattern in R/S (Kuparinen
et al, 2014; Hutchings, 2015). Increased variance in M with declining SSB (Mintoet al, 2008) is
also likely to cause an Allee effect. Lack of awareness of the importance of M to r, coupled with
empirical challenges in estimating M, may mean that a weakening of the strength of negative
density dependence below the Allee-effect threshold (Keith and Hutchings, 2012) is more com-
mon than the literature would suggest.

The greater the magnitude of population decline, the greater the likelihood that Allee effects will
be manifest. However, empirical determination of where these population -size or Allee-effect
thresholds are in relation to parameters such as B or SSBisy remains a challenge. This provided
impetus to compare compensatory and depensatory SR models for Atlantic herring, Clupea ha-
rengus and Atlantic cod, Gadus morhuaFor example, by addressing methodological issues asso-
ciated with previous analyses, Perdlaand* Ux EUD Ol Oz Uwmpl YA Aw! ERdotd DPEOwWUUE U
umented depensation in 4 of 9 herring stocks in the Northeast Atlantic. In 2022, the Bayesian
inference approach was extended by applying four S-R models (Beverton-Holt, Ricker, Sig-
moidal Beverton-Holt, Saila-Lorda) to study depensation in the southern Newfoundland cod
stock in NAFO Subdivision 3Ps (Peréla et al, 2022). In addition to finding strong evidence of
Allee effects, the SSB Alleeeffect threshold (below which recovery is impaired) was inferred,
and determined the years during which the popu lation dynamics of 3Ps cod switched from neg-
ative to positive density dependence.

As noted by ICES (2022), a key challenge lies in determining where Allee-effect thresholds are in
relation to Bo. For 3Ps cod, Peréléet al (2022)estimated that a weakening of compensation was
first evident at 44-46% of SSBax; this delineates the Allee-effect threshold. If the SSB of 3Ps cod
in the late 1950s (when SSBax was experienced) was approximately half of Bo (a not unreasonable
supposition; 3Ps cod have likely been fished since the late 1400s; Castafiedet al, 2020), this
would yield an Allee -effect threshold of ~0.200.25 B. This is similar to the 0.2Bo threshold sug-
gested by Hutchings (2014), based on previous work (Keith and Hutchings, 2012).

Key considerations:

1. The relevance of Allee effects, or depensation, to the population dynamics of marine
fishes at low abundance may be more important than previously thought.
2. The most commonly applied metric of r | recruits per spawner (R/S)| may not be as

sensitive a proxy for r as natural mortality, M; reductions in M with declining SSB can
cause Allee effects, irrespective of patterns in R/S.

3. Using Bayesian inference and methods, recent work provides: (i) evidence of depensa-
tion in Northeast A tlantic herring and Northwest Atlantic cod; (ii) estimates of the SSB
threshold at which Allee effects, or a weakening of compensation, are manifest; and (iii)
methods for determining the SSBs and time frame during which the population dynam-
ics of depleted stocks might switch from negative to positive density dependence.

WKREF2 recommends that the evidence for Allee effects in ICES stocks should be explored fur-
ther using the latest methods that have been developed.

4.2 Challenges with the current approach toefine Bim

A number of challenges were mentioned in connection with the application of the current frame-
work (ICES SR type specific guidance in ICES 2021) to define B» in ICES benchmark processes.
A general observation was that the guidelines provided m uch space for subjective interpretation
and this made the process of estimating Bm non-reproducible, not transparent to outsiders and
possibly prone to inconsistencies. A number of specific issues where this is seen as a problem
were mentioned, including the following list:
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1 WKREF1 found that the most common approach was to set Bm at Boss (32 out of 79, SR
Type 5 stocks) or to derive Bim from Bioss (10/79, Type 6 stocks). This calls into question
the biological relevance of Bim for those stocks,

1 WKREF1 also found for 16 out of 79 stocks B~ was set at the lowest SSB where recruit-
ment is good/high/not impaired across various stock types, which is more in line with
the definition of B im, but is not part of the current guidelines (ICES, 2001),

1 Definin g Bim with short or truncated time -series. There has been an increasing tendency
to truncate time -series due to concerns about changing productivity regimes (e.g. North
Sea herring her.27.3a47d and North Sea cod cod.27.47d)

1 Unclear criteria to define a stock as spasmodic (ICES SR type 1) and inconsistent selec-
tion of Bim when S-R Type 1 is chosen

1 Differences in hockey-stick/segmented regression breakpoints from different methods
(including different windows and different estimation methods) (ICES S -R type 2);

1 Differences in Bim when recruitment is ever increasing when stock sizes increases de-
pending on the approach taken (ICES SR type 3);

1 Differences in derivation of B im when S-R shows no pattern (ICES types 5 and 6)

1 Differences in the estimation of Bim or Bpa based on output from biomass models (e.g.
SPICT).

A further complication was cases where large natural variability in the stock recruitment rela-
tionship may lead to a greater than 5% risk of falling below B im even under no fishing -scenarios.

In addition to this, concerns were raised that the use of Bpa estimated as 1.4 x Bn (or
Bim x1 B x qphud t Kk wA wwh Wolildiiot bnsuré 83! WKREBUILD pointed out that if B im
and MSY Brigger are too close to each other, small reductions in biomass below MSY Bigger can
lead to large changes in F with little time for the stock to adapt/respond (ICES, 2020).

4.3 Lack of confidence in the accuracy of the estimated re-
cruitment and SSB

The assessmehmodels occasionally provide highly uncertain estimates of recruitment and SSB.
In this case, a different model can be investigated. If this does not solve the issue, the stock should
be moved to stock assessment category 3.

4.4 Spasmodic stocks

Stocks with spasmodic recruitment are common for many fish species and their management is
particularly challenging (Licandeo et al, 2020) In ICES, spasmodic stocks (SR type 1) are defined

fication identified spasmodic stocks as those having the highest variation in their study, with
low -frequency components without clear periodicities. Spasmodic recruitment might have long
periods of weak recruitment with infrequent or irregular strong recruitment.

An approach to objectively classify stocks as spasmodic was presented and discussed at
WKREF2.This involved using objective measures to define spasmodic stocks, such as CDFs (Fig-
ure 4.1). The cumulative distribution function (CDF) can be used to identify high variance and
infrequent strong recruitment, but the order of the time -series is not preserved and long periods
of low recruitment (e.g. some haddock stocks) or infrequent strong recruitments (as seen in some
redfish) cannot readily be identified. One promising approach would be to used CDF intervals
and sigma after removing low variability.
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Figure 4.1. Empirical cumulative distribution function (CDF) of recruitment relative to maximum recruitment by inferred
stockrecruitment type. Colour shows stated stoalecruit type. Pink area shows the theoretical expected 80% interval
for CDFs of time series (length = 42) of lognormal variance = 1.

More research is needed to define spasmodic criteria, as well as simulaton evaluation on how
to define reference points and manage this type of stock. Nature of recruitment time series vari-
ation could be used in developing a control system. Another important effort would be to per-
form simulations to understand how a spasmodic recruitment links with the productivity of the
stock and thus the reference points.

Stocks identified as spasmodic use approaches such as ICES-B type 1, 2 or 3. Often single data
points are highly influential on the outcome of these methods (Figure 4.2). It is possible that the
sensitivity to single points can be reduced by estimating Bim after simulating estimates from stock
recruitment relationships including parametric (bimodal or heavy tailed) bootstrap of residuals.
No solutions to the issue were presented.
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Figure 4.2. Segmented regression of Western horse mackerel including all data points (left) and removing the 1982 data
point (right) (ICES IBHM).

4.5 Bim when SR is ever increasing

As mentioned above in section 4.2, estimation of hockeystick (HS) break-points is sensitive to
the method used, and the grid-search method recommended by Barrowman and Myers (2000) is
computationally intensive. Ever increasing relationships are frequent among stocks (32%, Rin-
dorf et al, 2021) and present specific prolems, because the B« is not clearly defined. For exam-
ple, the estimated Bim of herring west of Scotland ranges from the lowest observed to almost the
highest observed SSB depending on the method used (Figure 4.3). Another example is North Sea
cod, where HS estimation results in a breakpoint right of the middle of the plot which does not
fully match the breakpoint as imagined by eye -balling the figure (Figure 4.4). It was suggested
that more appropriately accounting for differences between different produ ctivity periods may
help narrow the range of possible Bim estimates. However, this should not be done by truncating
the time series (see next section).
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Figure 4.3. Stock recruitment relationship of herring west of Scotland. Vertical lines from lefigbtr P50=46600,
P80=107000 and H$ 430770 (method from van Deurst al., 2020).
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Figure 4.4. Stock recruitment relationship of North Sea cod.

4.6 New approaches to account for changing regimes

Non-stationarity in productivity has implications for reference points, including B im. The Bayes-
ian online change-point detection (BOCPD) algorithm applied to stock -recruitment relationships
(SRRs) could be used to partition the recruitment and spawning stock biomass time-series (Perala
et al, 2016). The output of BOCPD can be used to segment the data into different regimes, and
SRR can be fitted for each segment separately. This will result in a different set of SRR parameters
for each regime based on which RPs can be then derived. Furthermore, the full posterior and
posterior predictive distributions of BOCPD representing the current state of the SRR and used
to predict the future recruitment, respectively, automatically incorporate the uncertainty about
the current regime. Thus, less weight is given to older observations in estimating the parameters
of SRR if there is evidence of a regime shift in the data. The probability of a regime shift is a
EOOEDPOEUDPOOWO! wii i wOAET O1 Uzybhisuct ehiibncfitie Gidiepanc E OV O wO T |
between the posterior predictive distribution of the model and the most recent observations. To
ensure that the information in the data is used most efficiently, the model should specifically
investigate whether only t he level of recruitment is changing or also the shape of the relationship.

Re-calculating Bim on truncated time -series when moving between regimes should only be al-
lowed if this does not increase the risk of getting into a non -precautionary situation, i. €. Bim is
reduced when moving into a low productivity regime. This requires a good process understand-
ing i.e. what is driving recruitment and how strong is the impact of SSB on recruitment compared
to environmental factors. Forecasting changes in productivity regimes would also be needed.

4.7 Bim when SR shows no pattern (ICES types 5 and 6)

The current guidance suggests that Bm in this case is either defined as Boss or undefined. If B im
is undefined, Bypa is set to Bosss WKREF1 pointed out that Bim, defined in this way, is simply a
consequence of the history of the exploitation of the stock, and has no biological underpinning.
If a stock is already depleted, it could encourage further stock depletion. WKREF1 recommended
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that Bim would more appropriatel y be defined as some fraction of B in these cases. This fraction
would be stock dependent, and there is a lot of variability between stocks, which implies that in
Ul PUWEEUIT wEw? Ol E Udalviays targen ihan U®CDER) Is goipg 16 bedhaibest we
can get (ICES, 2022). Studies during the workshop of 0.1Bshowed that this was unrelated to Biim
for the stocks where both were available (Winker, et al presentation). Furthermore, in some
cases, the estimated 0.1Bwas very high compared to the observations of SSB apparently provid-
ing high recruitment. An additional observation was that a change in individual growth (weight -
at-age) or natural mortality would change B o though the stock recruitment plot, and hence other
estimates of Bm would not be affected. No change to the current guidelines was therefore agreed.

4.8 Bim as a fraction of Bin integrated models

An alternative for setting B im is to use a fraction of By, as suggested by WKREF1. This might
constitute a viable alternative to current methodology, especially for stocks where there is no

data in the plausible Bim range or where there is little contrast in the SR data. In WKREF2 it was
pointed out that, in integrated models where the S -R relationship is included in the assessment
and the Bo estimate must be consistent with the data and estimated stock dynamics, it may be
appropriate to base Bim on a fraction of Bo(although in some cases the B estimate appears rela-
tively high compared to the historical deve lopment of the stock).

WKREF2 recommended that the guidelines should allow for benchmarks to set Bim as a fraction
of Bo, particularly within integrated models and ensembles, where it is internally consistent to
EQwUOd w! aw?bOUI T UEUIT Hsuike 8E3Iwhetea sitck andrecEibnet rietion
is included in the stock assessment and reference points estimation process.

In fact, this method is already implemented in ICES for spurdog (ICES, 2020). It would be par-
ticularly important for the develop ment of ensemble assessments, where biomass and F in abso-
lute terms will vary depending on the model configuration, but the ratio may stay fairly stable.

Where a benchmark decides to adopt this methodology, the suitability of using a fraction of B o
to derive Bim should be scrutinised, and the fraction to be used should be defined. It is important
to analyse how well Bo is estimated by the model in respect to historical values of SSB and also
to consider environmental impacts on productivity. If sto cks are influenced by environmental
factors to a larger extent just looking at historic SSBs can give biased/unrealistic B estimates.
Comparing how Bim (as derived as a fraction of B) relates to the SSB range observed within
integrated models generally more suited for providing robust estimate of B o.

4.9 Bim Or Boa based on output from biomass models

The interpretation of Bim and Bpa when estimated from biomass models is inherently different
from cases where the values are based on the stock recruitment elationship. The definition that
Bim is the biomass below which recruitment is impaired no longer applies when using outputs
from biomass models. However, to ensure that Fusy estimates are precautionary, a biomass limit
reference point is necessary. Estinates of unacceptable biomass levels in the literature are gen-
erally set as fractions of the median SSB when fishing at sy (Busv) or no fishing (Bo). The latter
of these depends on stockrecruitment relationships, growth, natural mortality and maturity in
the unfished state. The former depends on all of these as well as the selection pattern for a stock
fished for prolonged periods at F wsv. Concern was raised that for many stocks, there is very lim-
ited information on the productivity of unfished stocks, an d that this may lead to a highly un-
certain estimate of 0.1B. In general, more information is likely to be available for stocks fished
at Fusy, leading to a lower uncertainty of B msy, though variability in selection pattern (which is
not estimated in biomass models) may act to make Bisv estimates more variable.

ICE
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Values of 0.1B and 0.2Busv were discussed and considered broadly acceptable. However, they
should be provided together with estimates of their precision.

4.10 Stocks with a greater than 5% risk of faltj below Bm
under no fishingscenarios

Some stocks exhibit high variability even in the absence of fishing. This may lead to cases where
Fr.osis estimated to be zero, and hence ksy would be zero. The occurrence of this is likely to
increase as models are expanded to fully account for all sources of uncertainty (e.g. different
shape of the stock recruitment relationship or variability in natural mortality). WKMSE3 has
suggested that this can be addressed by estimating the 5% additional risk relative to the risk
estimated in the unfished stock.

4.11 Estimation of MSY &yger

The current guidelines states that Bea is defined as Bim*(1.645% ) where ,, is the estimated stand-
ard error of th e log-transformed SSB in the final assessment year. In the absence of an estimated
standard error or where this standard error is considered highly uncertain or unrealistically low,

a default of Bra =Bim*1.4 is often used, which corresponds approximately with ,,  1&. MSY Brig-
ger iS estimated as the maximum of Bea and the 5" percentile of SSB when fishing at Fusy, unless
SSB has historically been so low that estimates of the percentiles of SSB when fishing atwsy are
considered highly uncertain. Because many ICES stocks have been fished above sy, the guide-
lines envisage an adaptive approach where MSY Biigger would be redefined as stocks are fished
at Fusy levels for 5 or more years (see flow chart in the ICES Technical Guidelines, ICES 2021)

The above approach has led to confusion about the basis of and use of MSY Bgger as a stock
status classifier when compared to other management systems.For example, overfishing is often

defined at biomass levels higher than the 5% percentile of Busy, e.g. 50% @ Busy in the US or 80%
of Bwsy in Canada (see Hilborn, 2020). In addition, exceptions to the guidelines have also
emerged. The recent benchmark for North Sea herring found that the 5" percentile of Busy was

less than Bim, so for that stock, MSY Brigger was set at 50% Bisv (ICES, 202).

The MSE work carried out by ICES for mackerel (ICES, 2020) and several of North Sea stocks
(ICES, 2019) explored a range of biomass triggers and target fishing mortaities. What this work
illustrates is that quite a wide range of combinations of target Fs and trigger biomasses could
optimise long -term yield with relatively low risk and varying levels of inter -annual catch varia-
tion. The harvest control rules for Icelandic stocks are specifically designed to have a low target
fishing mortality and low biomass triggers in order to avoid the slope of the harvest control rule.
This is purposefully done to minimise inter -annual catch variations (IAV) (ICES, 2022.

The current reference point framework in ICES has mixed biological reference points with har-
vest control rule parameters. The generic harvest control rule within the MSY approach has ad-
vantages (e.g.inherently reduces risk) but there are also some downsides (e.g. increases com-
plexity of reference points, may not optimise performance i.e. yield and IAV) which needs to be
considered carefully. An example of this complexity is the discussion over F r.os and whether it
should be estimated with or without the Advice Rule (AR). ACOM decided that F r.os with AR
should be used to cap Fusy; WKREF1 recommended F.os should be estimated without the AR,
which might be considered as being overly precautionary, since ICES advice is always given
according to the MSY approach (i.e. with the advice rule).


https://doi.org/10.17895/ices.pub.8398
https://doi.org/10.17895/ices.advice.19447886
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Considerations for defining MS¥lated reference
points

5.1 Validation and Plausibility

The ICES framework relies on stock recruitment relationships (SRRs) to include densty depend-
ence, estimate reference points, and conduct projections to determine management action. How-
ever, the quantities of interest, SSB and recruitment, are not observable as they are latent varia-
bles estimated by models under a variety of assumptions. There are two main approaches, for
estimating the SRR, i.e. either when fitting the assessment model or posthoc. However, there is
often a lack of information in stock assessment datasets on system processes such as the SRR,
and therefore a key question is whether a fitted relationship is plausible. A definition of a highly
plausible model scenario is one that fits prior knowledge well, with many different sources of
corroboration, without the complexity of explanation, and with minimal conjecture (Connel | et
al., 2006).

Currently, the primary diagnostics used to evaluate plausibility, and select and reject models
when conducting stock assessment, are to examine residuals to check goodnessf-fit and to con-
duct retrospective analysis to check stability. However, residual patterns can be removed by
adding more parameters than justified by the data, and retrospective patterns by ignoring data.
Therefore, models must be validated if they are to provide robust and credible advice, which
requires assessing whetter it is plausible that a system equivalent to the model generated the
data (Thygesenet al, 2017). An alternative to residual and retrospective analysis is to perform
cross-validation by omitting recent observations and then predicting their out -of-sample values.
This allows the estimation of prediction skill, a measure of the accuracy of a predicted value
unknown by the model relative to its observed value (Weigel, et al, 2008). Prediction skill can be
used to explore model misspecification and data conflicts, help to compare alternative hypothe-
ses, weight operating models when conducting MSE, or weight models in an ensemble approach.

WKREF2 recommends therefore that stock assessment models are validated using prediction
skill to ensure that they provide robust and credible advice (e.g. Saltelli et al, 2020).

5.2 Compensation and overcompensation in stock recruit-
ment relationships and somatic growth

The correct prediction of the shape and strength of density-dependence in productivity is key to
predicting fu ture stock development and providing the best possible long -term fisheries man-
agement advice (Rindorf et al, 2022) Working on from WKRPCHANGE, unbiased estimators of
the relationship between somatic growth, recruitment and density were identified and app lied
to 80 stocks in the Northeast Atlantic (one stock had data for the growth analysis only). The
analyses revealed density-dependent recruitment in 68% of the stocks, while 32% were best fitted
by a proportional (ever -increasing) relationship between SSBand recruitment (corresponding to
ICES type 3) Excluding pelagic stocks exhibiting significant trends in spawning stock biomass,
the probability of significant density dependence was even higher at 78% as the proportion of
stocks best fitted by a proportional relationship decreased to 22% The relationships demon-
strated that at 0.2 times maximum observed spawning stock size, considered a proxy for either
Bo or Bwmsy, depending on the stock, 32% of the stocks attained75% of maximum recruitment.
Hence, for 68% of the stocks, a biomass limit of 0.2 times Bsv (corresponding to 0.1Bo if

ICE
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Bwsy = 0.5B)) would not be sufficient to avoid decreased recruitment. The estimated recruitments
at 0.2 timesmaximum observed spawning stock size were scrutinised to determine if a unimodal
distribution with a clear median could be determined for any of the species groups, indicating
that the median would be a useful predictor of recruitment at 0.2 times maximum observed
spawning stock size for stocks where the stock recruitment relationship is unknown. The distri-
bution of benthic and demersal show several peaks along the whole domain, indicating that a
specific fraction of maximum observed spawning stock size cannot be used as a high probability
edimate of when recruitment is impaired (Figure 5.1). For pelagic stocks, the distribution was
unimodal with a median of 0.4, indicating that the pelagic stocks had a 50% probability of pro-
ducing less than half the maximum recruitment at 0.2 times B wmsy.
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Figure 5.1 Frequency plot of steepnessrecruitment (as a proportion of maximum recruitment) attained at 0.2 times
maximum observed spawning stock sif@r 79 stocks in the North Atlantic.

Significantly lower recruitment at high stock size than at interm ediate stock size (overcompen-
sation, corresponding to Ricker-like relationships) was seen in 38% of the stocksindicating this
to be common among stocks Pelagic stocks were less likely to exhibit density dependence in
recruitment than demersal and benthi ¢ stocks. Density dependent decreasesin growth after re-
cruitment occurred in 54% of the stocks.

A direct comparison of SSB reference points, estimated as break points in a hockey stick relation-
ship, was made with 0.2 times maximum observed spawning stock size, as well as other ap-
proaches, as conducted for pelagic stocks by van Deurset al (2021). The definitions of the refer-
ence points are illustrated in Figure 5.2, which also shows the relationship between the break-

point of a hockey stock relationship (ICES type 2) and 0.2 times the maximum observed biomass
in Figure. 5.3. Similar to the previous study, there is no relationship between the hockey stock

breakpoint and 0.2 times the maximum observed biomass.
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Figure 5.3Comparison of biomass thresholds (BTsbafsmaklbodied pelagic stockscaled to geometric mean spawning
stock biomasscalculated usindHS and 0.2Bmaxi&ks with relatively well-defined hockey stick breakpoints (black dots,
CVi«< 0.3) and stocks with poorly defined breakpoint estimates (white dots&\0.3). Axes were cut off at 2.0. Hence,
outlier values twice the geometric mean spawning stock biomass were noluded in the plots (amounting to 5 data
points). Reproduced from van Deurs et al. (2021), fig. 4.
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In summary, there is no correlation between biomass reference points determined from the stock
recruitment relationship and biomass reference points determined as a fraction of maximum ob-
served biomass. This conclusion is not related to where the reference points are located relative
to median biomass (i.e. whether the stock has shown high contrast in SSB or not).

5.3 Density dependence andvsy

The Fmsy-project (www.fmsyproject.net , with condensed results in Sparholt et al 2020) has pos-
tulated that there is a substantial systematic bias in ICES current Fusv calculations due to missing
3 out of 4 density dependent mechanisms. The Fmsy-project also suggests a way forward. Fur-
ther work is done in a new, ongoing MSE -project ( www.mseproject.org ), which works in close
cooperation with ICES benchmark and methods workshops. The following buil ds on a presen-
tation of the relevant results from these projects and the discussion at WKREF2.

It was suggested that the current ICES approach for datarich stocks underestimates Fusy because

density dependence (DD) in growth, maturity and natural mortali ty are ignored. This is a math-

ematical fact based on the mechanics in the calculations and shown by many case studies see e.g.

Gislason (1999); Collie, J. S., and Gislason, H. (2001), Pop al. (2006), ICES WGSAM (2008),

ICES Advice Report (2012 and 2013 Froese et al. (2016), Anderseret al.(2017), Szuwalskiet al.

(2017), Zhou et al (2019) and Sparholtet al. (2020). This means that the statement made in
6*1%%uow?O0EVWOOO0T wEUWEIT OET &EWAO UEWRIId 6utfud) GREXUCEDCE Bl Ova U &«
densita WET x1 OEIl OEl whbUwOOUwWUI gUPUI Ew6d662 OwbUwxUOBEOI OEU
around Bwsy for a long time and weight -at-age have stabilised, if DD in growth is not modelled

dynamically, Fwvsv will be underestimated. However, to model density dependence you need a

basis to do so and extrapolating beyond the range of observations for something like DD might

entail considerable risk.

Density dependence did not matter much for fisheries management for decades because the
stocks were overfished, and direction of advice was easy: managers should reduce F. Now that
F in general has reduced significantly for ICES stocks, the issue is getting important as many
ICES fish stocks are rebuilt to levels where density dependent effects may matter.

A meta-analysis of 53 datarich ICES stocks showed that on average sy is 50% higher than ICES
current values (Sparholt et al.2020). This was based on an ensemble approach using ICES multi-
species models for some stocks, agédased models including sub-models of DD for all four pa-
rameters for a few stocks, and Surplus Production Models (which by design include all DD ef-
fects although not in a disentangled way) for all stocks.

DD is how ecosystem works ¢ without it, all stocks would increase indefinitely (F msywould b e

zero ¢ sustainable fisheries would not be possible). DD is a proxy for multispecies interactions,

food limitation, diseases, etc. It is a useful simplification. S-R models are based on it. However,

often we do not see DD in our data because, stock size ariation is too small or the noise in the
EECEWUOOWEDT w31 PUwUT OUOGEOWT OPT YT UOwWOOUwWOPUOI EEwWUUW
are working with, just because we do not see a statistically significant manifestation of it.

Recently, meta-analysis has been conducted to see how often we see DD in the ICES stocks. Zim-

mermann et al.(2018) looked at 70 ICES stocks and found significant DD in R in 70% and DD in

weight -at-age in 69%. Rindorf et al. (2022) looked at 80 ICES stocks and found DD in R in 686

and in growth after recruitment in 54%. There are several documentations of DD in smaller sets

of stocks (e.g., Morganet al (2016), Lorenzen (2016), Sparholt and Cook (2009), Horbowy and

+Ual EEA4aOwpl YNAAKOwW* OYEOI YWE OE w! roibyldard dahdud lighiyed X A8 w3 T U U (
dynamic range in stock size we have experienced in the past, we quite often see DD significantly

manifested.
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Two solutions to the problem were suggested at WKREF2. One is to produce DD sub-models for

all four parameters and do the normal age-based forecast models including these submodels to

determine biological reference points (BRPs). This has been done for NEA-cod by Kovalev and

Bogstad (2005), and by several ICES Benchmark WKs since then. This has also been done by

Sparholt et al (2020) for North Sea cod and Northeast Atlantic mackerel, by Danielsson et al

PRNNA Awi OUWEOEWEUw( El1 OE O&d 2610 Baumahiaisprad. Bignwe\en farE OE w+ U4l E
all other stocks these DD subOOET OUWET OOO0T wUOOwWUOT 1T wEEUI T OUawoOi w?000
difficult to develop the needed sub -models and they are not likely to be available for most stocks

until a decade or so from now.

The other solution suggested is to use Surplus Production Models (SPM) for estimating BRP.
These models include, implicitly, all density dependent elements by design. The basic idea is to
use the total stock biomass (TB) from ICES routine agebased stock assessment as the biomass
index (assumed to be an absolute metric of exploitable stock biomass) and the catch. The annual
surplus production (SP) is then the catch plus the change in TB from one year to the next. SP is
plotted against TB and an SPM curve fitted. A worked example for mackerel is provided in An-
nex 2 Working Document 4.

In conclusion, it was proposed that using a Surplus Production Models (SPM) in a combination
with the current age-based assessment models may circumvents the problemof known un-
knowns of density dependence in growth, maturity and natural mortality —----and gives an Fusy
estimate that has no (documented) bias. Although using the age-based assessment model pro-
vides the stock biomass time series to the SPM model may introduce some biases. It was pro-
posed that the SPM model could provide the long -term optimal F (Fwmsv) and that value can be
applied to the current age-based short-term forecast to give the TAC advice for the coming year.
There was no consensus at WKREF2 on wheter that approach was appropriate.

Plenary discussion
Following the presentation, the issues listed below were discussed.

It has sometimes been suggested that one should also use an SPM model for the historical as-
sessment of the stock if SPMs are used foBRP calculations to be consistent. However, the current
ICES agebased assessments are probably the best reflection of the history of the stock. It has
been developed over decades and involves sophisticated tunings with fisheries independent tun-
ing time series from surveys and much more. The historic assessment also includes DD in
growth, generally measured every year, and best available maturity data. Sometimes also DD in
natural mortality (for cannibalistic species) is included from multispecies models vi a a simple
relationship to stock size or estimates from multispecies models (WGSAM 2021). Age-based his-
toric assessments furthermore provide information about recruitment and selectivity which may
vary significantly over time. This can be useful for identi fying regime shifts in the ecosystem
relevant for the stock in question. To try to do all that in SPMs seems not prudent. Also, for short -
term projections, the current age-based approach seems superior to SPMs, because it can take
account of cohort sizes and recruitment and DD changes to weight -at-age.

How SPMs reacts when we have a regime shift was also questioned. SPMs ignoring regime shifts
is probably not any better than the current age-based approach ignoring this as well. However,
SPMs might be easierto deal with in this regard because it is simpler. It is very important to
select a SPM configuration which reflects ecosystem situation for the coming say about 5 years
accurately. This should be revisited every 5 years or so, to see if the ecosystem istill as it was.
Also, changes in exploitation pattern in the fisheries could be important if that changes substan-
tially. A new F msy values might be developed, but maybe a new SPM is not needed, only the
translation from the SPM F-metric (yield in biomass divided by stock size in biomass) to the ICES
age-based Fmetric (typically mean F over some ages). If a regime shift is identified, one should
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consider shortening the time series of estimation. The MSEproject has worked on North Sea cod,
Baltic sprat and Northeast Atlantic mackerel in this regard and presented this type of sensitivity
analysis at various ICES workshops.

Some approaches using SPMs, assume equilibrium in the sense that a given F has been applied
for many years and the stock has stabilisedat that level of F. In those cases, SP (Surplus Produc-
tion) can be plotted against F in order to fit an SPM. This is not the approach suggested by the
Fmsy-project. Here SPMs are based on SP plotted against the stock biomass (exploitable stock
biomass). Sich an approach does not require equilibrium. This is because the SP is only depend-
ent on the stock size.

The use of the metaanalysis of Thorson et al.(2012) of 141 fish stocks to get the shape of the SPM
curve was questioned. The shape varies quite a bitif one uses the parameters from a specific
taxonomic group or from the overall average. In the cases for mackerel, North Sea cod and Baltic
sprat (WK Documents available on the SharePoint site) these shape parameters were scrutinised
carefully, as they were in the Fmsy-project for all 53 data rich stocks. This is something which,
for a given stock, should be explored and tested, and for instance, for Baltic sprat, it seems that
an ordinary Schaefer curve was more consistent with the data than Thorson et al (2012) taxo-
nomic group shape for Clupeiformes stocks (which were quite asymmetric, with B msv/K being
only 0.2649 compared to the Schaefer value of 0.50).

The two alternative approaches suggested, one using the traditional age-based approach includ-
ing DD sub-models and the other using the SPM approach, might not be mutually exclusive, but
could supplement each other. It was mentioned at WKREF 2 that it is unrealistic to assume you
get the best picture of the stock population dynamics by just using one mod el. It might be better
using several structurally different models and then averaging the results afterwards, resulting
in an ensemble approach. Tests of the model performance could be accomplished using the ap-
proaches in section 5.1.

It seems prudent when using ICES traditional age-based long-term forecast models for obtaining
BRPs, to only include DD when it is important for the stock, and this is mainly at higher stock
sizes. The experience so far is that including DD in maturity is often only increasin g the Fusy
estimate by very little (a few percentages) and can be ignored. However, this might be difficult
to know without doing the calculations, and when the calculations are done anyway, one might
as well include it in the final long -term forecast calaulations (i.e., in the operating model used).

54 Fecoas a means of adapting target fishing mortality to
medium-term changes in productivity

Fecois an approach to allow ecosystem information or outputs of ecosystem models to be used to
tune the Farget to account for medium term ecosystem driven variability in productivity. Assess-
ment models are tuned to as long a time series of data as possible, and there is good evidence
that curtailing these time series imposes errors in the assessment. Obviously, the eceystem
rarely remains unchanged over time periods measured in multiple decades. In some cases, the
variability can be accounted for directly in the assessment model and potentially used directly

in the calculation of the fishing target reference point. How ever, in many cases, this medium-
term variability is not accounted for in the fisheries target reference point, meaning that the fish-
ing pressure is out of step with the current state of the ecosystem.

Ecosystem models are generally not suitable for setting annual quota advice, but they do provide
the best ecosystem overview available. ke is a method to allow for information from the ecosys-
tem models to enter the quota advice without directly transferr ing values between different
models. Feco entails identifying indicators (either physical or synthetic model outputs) which
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track stock productivity, and then using these indicators to scale up or down the pre -defined
single species kaget, While not exceeding the pre-defined limit reference points (F im, Bim). This
approach allows for some influence of the ecosystem information, while retaining the ad-
vantages of the current single species workflow. This approach is outlined in WKIRISH6 (ICES
2020) and Howell et al. (2021). This process gives a large degree of flexibility in accounting for
ecosystem variability, with similar approaches being used to account for predator needs (Cha-
garis et al., 2021), variable stock productivity (Bentley et al., 2021), andthe use of risk assessment
to potentially reduce catch if required to remain precautionary (Dorn and Zador, 2020).

Recommendation

WKREF2 recommends that ICES guidelines include the possibility to use an R approach to
adjust the F based on ecosystem model information (e.g. WKIRISH 6 ICES 2020)). If such an
approach is desired in a particular benchmark, then the following criteria should be applied:

1 The revised F should not exceed Fr.os
1 The ecosystem model b be used should have been reviewed as a Key Run by WGSAM
1 The implementation should be evaluated and reviewed at a benchmark process.

ICE
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6 Risk Equivalence

WKREF1 was focused on Category 1 stocks, but it is important that they are not considered in

isolation. TO1 WEAWEEOOUWI OUWEwW?UDPOx OPI Pl EWEOEwWI EUOOODPUI EwU]
precautionary reference points applicable in the advice framework across various ICES stock

EEUI T OUPI UB2w( ET1 EOCawUT T w(" $2wWEUUI UUiékiabdssual EUT1 T OUDI |
stocks (Fischer et al., in press). A definition of risk is the probability of a stock being depleted be-

low a limit reference point or not being maintained at a target reference point, and risk equiva-

lence requires that this should be the same, irrespective of the stock assessment method used to

provide management advice, or the amount of data and knowledge available (Fulton et al, 2016).

This requires standardised metrics for the calculation of risk.

Risk equivalence can help provide robust and accountable management decisionmaking in the
absence of perfect knowledge, and provide an incentive to evaluate the value-of-information and
the development of robust feedback control (Roux et al, 2021). For example, when there is large
uncertainty around the estimated stock size, fishing rates must be lower than when uncertainty
is small to ensure the same risk to the stock in the two cases. There is therefore a positive rela-
tionship between information and utilisation, and so the value of informa tion to the fishery is
positive (Cooke, 1999).

An implicit assumption of the ICES guidelines is that, within stock assessment categories, the
assessment and rule are linked. Geromont and Butterworth (2015) showed that for category 1
stocks, simple catch cantrol rules based upon survey indices (i.e. a category 3 rule) can be devel-
oped to achieve virtually equivalent catch and risk performance as for category 1 advice.

Whether such approaches could be acceptable to advice recipients and stakeholders remainsd
be seen given that there is usually a demand for better process and dynamic understanding from

science.

Often there is insufficient data in stock assessment data sets to describe and parameterise key

processes, and multiple models may explain the data equally well, for example on the relation -

ship between stock recruitment, multi -species effects and density dependence. Therefore, there

OEawEl wOOUI wUOETI UUEPOUawWUT EOQWEEOPUUT EwPOWEWUDOT O w?
can be used to develop test alvice rules that are robust to uncertainty and de -risking even data

limited situations. For example, Fischer et al.(2020) developed advice based on indicators condi-

tioned on life history traits and ecological knowledge that were able to meet precautionary and

MSY objectives (Fischeret al, 2021). However, a generic rule may not work for all stocks. There-

fore, the option should be available to develop case-specific advice if appropriate sources of un-

certainty have been included in model ensembles or the conditioning of the Operating Models.
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Possible revised reference point framework

To make a reference point system operational requires general guidelines on how to specify the

reference points in practice. A guiding principle for developing these guideline s is that reference

points, such as the Fusy proxies, should be stockUx1 EDI PEWEawEOOUPEI UPOT wEwWU
productivity and ecology, and the nature of the fisheries, following international best practice.

The reference point system should be based orunderstandable and transparent rules and should

provide a clear and unambiguous interpretation of the stock status. A possible candidate refer-

ence point system, which builds on the key recommendations by ICES WKREF1 (2021), was dis-

cussed and define as folows (Figure 7.1).

There was no consensus at WKREF2 on this suggested below; however, it was agreed that it
should be presented here for further discussion. The key feature of the suggested approach is
that the stock status evaluation is treated independent of the Advice Rule (AR). The main feature
of the system is that the biomass trigger is not linked to a stock status evaluation, it is linked to
the expected biomass when fishing at the target fishing mortality, in contrast to the current ICES
approach. The Fusywould also become an upper limit of fishing mortality.

Fishing M ortality

SSB

Figure 7.1 Proposed ICES Reference points system with integrated Harvest Control Rule. (source "FLRef" function plot-
WKREF(https:/ github.com/henningwinker/FLRej
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1 Fr.osis a probabilistically derived quantity the fishing mortality that is associated with a
5% risk that SSB falls below Bn as derived using stochastic long-term projections.
1 Fumy : The maximum medium yield F wvy denotes the fishing mortality that corresponds

to the peak of the median landings yield curve derived from stochastic forward projec-
UPOOUWEVUwWPhUwUaxpPEEOCOAaWEI UPYI Ewi UOOwWUT T w$@2DPOwUOI
ICES advice framework, the quantity Fwwy is typically referred to as Fmsv. However, for

Fumy to directly translate into F wsy as reported on the advice sheet, vy first requires

meeting the condition that Fwmy A wadéin accordance with precautionary principle. For

the purposes of this report, a clearer definition was therefore needed to separate the ini-

tial estimate of Fwsy, here Fuvy, from the final advice for F msy.

1 Fusy: Remains Fusy = min(Fwwy , Fros), but becomes the overfishing threshold (It should be
noted that this definition is potent ially not consistent with current EU management nor
with the new MSFD guidelines which refer to 6 -year averages of F/lusy as defining the
limit, not annual values).

1 Bwmsy: is the median biomass corresponding to fishing at Fmsy noting that B msy in this def-
inition has also changed as it may in fact be median B at kos), which can be computed in
deterministic or stochastic projections (EqSim/Assessment Model, etc.).

1 Faavice OF Fusvpa OF Frarget is the fishing mortality advice of the Harvest Control Rule, which
could be set at or lower than Fusy, e.g. Festhat corresponds to 95% MSY (i.e. MMY) or a
biological proxy for F msy (Fspry Fo.1, Fs%) that must not exceed Fusy.

q Bim is the biomass limit below which there is evidence of impaired recruitment or if no
such evidence exists set according to new ICES guidelines addressing the issue outlined
in Section 4.2.

1 Bsate is the lower of range of stochastic fluctuations around Bwsy, the default could be

tentatively set to 0.5Bwusv. This could be adjusted for stocks with more or less natural var-
iability. Bsaewould be used as a stock status classifier.

1 Bug is the median biomass corresponding to fishing at Fawice, which can be computed in
deterministic or stochastic projections (EqSim/Assessment Model, etc.). Noting that if
agreed management plan optsfor a lower Faavice in which case this Brg would exceed Bwsy.

1 Brigger is the operationalised biomass trigger point for tuning of the harvest control rule
(not a reference point). If biomass falls below Brigger, Faavice is decreased linearly toward
minimum biomass (default is zero) at which the fishery may be closed. The Buigger is a
generalization of the MSY Brrigger. TWO options remain to considered for specifying the
Btiigger Value:

(1) as a fraction of By (here: 0.6- 1.0 of Busy)
1 (2) as multiplier of Bim (here: 2 x Bm)

WKREF2 did not discuss what to do in situations where SSB <Bm or alternative for ms of HCR
(e.g. steeper linear declines to zero at Bn).

Conclusions

Biological and MSY target and limit r eference points are an essential pariof normative fisheries
management. The definition of reference points is both complex and variable worldwide, and
best practice has yet to be achieved!n ICES, guidelines for reference points are a key element of
achieving quality assurance, consistency and transparency across stocks. However, in general,
setting reference points according to the guidelines remains extremely challenging. Despite the
challenge of discussing such a complex issue in relatively short and intense virtual meetings,
WKREF 1 and WKREF 2 have made significant progress to advance the ICES approach to setting
reference points. Building commu nity understanding and consensus around simplified and
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harmonised guidelines has yet to be achieved. A further workshop WKREF 3 will be required to
achieve that aim.



ICES |

WKREF2022 | 27

Recommendations

= —a —a -

WKREF2 recommended that further work is carried out on the simulation fram ework
before the conclusions could be adopted by ICES.

WKREF2 recommended that stock assessment models are validated using prediction
skill to ensure that they provide robust and credible advice

WKREF2 recommended that the evidence for Allee effects in ICES stocks should be ex-
plored further using the latest methods that have been developed.

WKREF2 recommended that the guidelines should allow for benchmarks to set Bim as a
fraction of Bo, particularly within integrated models and ensembles, where it is inte rnally
consistent to do so.

WKREF2 recommended that ICES guidelines include the possibility to use an R ap-
proach to adjust F based on ecosystem model information (e.g., WKIRISH 6 ICES 2020)).
If such an approach is desired in a particular benchmark, then the following criteria
should be applied:

The revised F should not exceed Fos

The ecosystem model to be used should have been reviewed as a Key Run by WGSAM
The implementation should be evaluated and reviewed at a benchmark process.
WKREF2 recommended that a further workshop WKREF 3 be established to provide
the evidence base and build community understanding and consensus around simpli-
fied and harmonised guidelines .
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Annex 2: Working documents

WD1 Consistency and Robustness testing of candidate reference point systems for
North East Atlantic stocks

Henning Winkerl*, Massimiliano Cardinale2 , lago Mosqueira3 , Laurence Kell4 , Christoph
Konradl , Michael Grasl , Rishi Sharma5 & Colm Lordan6
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WD2A quick retrospective analysis on the estimation of reference points
Martin Pastoors, 12/1/2021

Aim: investigate the impacts of the length of the time series on estimated reference points.
Data: WKREF1 database
Two approaches:

1. Just change the final year of the data from 1990 to 2020 in steps of 5 years
2. Just use a series of 20 years, also with final years from 1990 to 2020 in steps of 5 years

Examples: North Sea cod, North Sea herring, Northern hake, Mackerel, North Seaplaice, Blue
whiting

Reference points calculation based on segmented regression (see code in annex); also trial with
Beverton-Holt
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RETRO1,; just changing the final year
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Retro 2: take 20 year time series only with the specified end years

Biomass (SSB)
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Conclusions:

1 Final year and length of time series highly influential on estimates of biomass and F ref-
erence points

1 Large variations in estimates of Bzero (and B40%) between different retro runs.

1 E.g. North Sea @d between 1.2 Mt and 4.5 Mt; Blue whiting between 6 and 20 Mt.

1 (Obviously) difference between using segmented regression and Beverton Holt SRR in
estimated reference points.

1 Overall: variability in reference points estimation due to specific set of data points in-

cluded in the SRR data. Bzero very sensitive.
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Retrol.r (only changing the last data year)
library(tidyverse)

library(FLCore)

library(FLBRP)

rm(list=Is())

load("bootstrap/data/ices.stks.n78.Rdata", verbose=T)

mystocks < - c("her.27.3a47d", "mac.27.nea", "whb.27.1 -91214", "cod.27.47d20", "ple.27.420", "hke.27.3a46

# 0. Create FLStocks objects with retro features; variability in final year
mystks <- FLStocks()
i<-0
for (mystock in mystocks) {
# for (myyear in 2020:1990) {

for (myye  ar in ¢(2020,2015, 2010, 2005, 2000, 1995, 1990)) {

i< - i+l
mystksi[[i]] <- window(stks[[mystock]], end=myyear)
mystks[[ifjJ@name < - paste (mystock, myyear)
}
}

# 1. Fit segmented regression to derive breakpoint
mysr < - FLSRs(lapply(mystks, function ) {
return(fmle(as.FLSR(x,model=segreg)))

b))

# 2. create ices ref point objects with FLBRP
brp.ices = Map(function(x, y){

brp = brp(FLBRP(X, y))

brp@name = y@name

brp

},  mystks, mysr)

# 3. Create data frame with reference points
df < - data.frame ()
for (i in 1:length(brp.ices)) {
df< -
df %>%
bind_rows(
as.data.frame(brp.ices[[i]] @refpts) %>%
bind_rows(data.frame(refpt="blim", quant="ssb", iter=factor(1), data=as.numeric(mysr{[ijj@params["b"]),
stringsAsFactors = FALSE)) %>%

mutate(stock = brp.ices[[i]j@name)

# Add 40% Buvirgin
df< -
bind_rows(

df,

- 8abd")

ICE
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df %>%
filter(refpt == "virgin" & quant == "ssh") %>%
mutate(
data = 0.4*data,
refpt = "virgin 40%")
) %>%
tidyr::separate(stock, into=c("stock","endyear"), sep="") %>%

mutate(year = as.numeric(endyear))

# 4. Plot data frame
df %>%
filter(
(refpt == "spr.30" & quant=="harvest") |

(refpt == "f0.1" & quant=="harvest") ) %>%

ggplot(aes(x=year, y=data)) +

theme_bw() +

theme(axis.text.x = element_te xt(angle = 90, vjust = 0.5, hjust=1)) +
geom_point(aes(colour=refpt)) +

expand_limits(y=0) +

facet_wrap(~stock, scales="free_y")

df %>%
mutate(year = as.numeric(year)) %>%
filter(
(refpt == "blim" & quant == "ssb") |
(refpt == "virgin 40%" & quant == "ssh") |

(refpt == "virgin" & quant == "ssh")) %>%

ggplot(aes(x=year, y=data)) +

theme_bw() +

theme(axis.text.x = element_text(angle = 90, vjust = 0.5, hjust=1)) +
geom_point(aes(colour=refpt)) +

expand_limits(y=0) +

facet_wrap(  ~stock, scales="free_y")

Retro2.r (only using 20 years in combination with a last data year)
library(tidyverse)

library(FLCore)

library(FLBRP)

rm(list=Is())

load("bootstrap/data/ices.stks.n78.Rdata", verbose=T)

mystocks < - c("her.27.3a47d", "mac.27.nea ", "whb.27.1 -91214", "cod.27.47d20", "ple.27.420", "hke.27.3a46

# 0. Create FLStocks objects with retro features; variability in final year
mystks <- FLStocks()
i<-0

for (mystock in mystocks) {

- 8abd")
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# for (myyear in 2020:1990) {

for (myyear in c(202 0,2015, 2010, 2005, 2000, 1995, 1990)) {
i< - i+l
mystksi[[i]] <- window(stks[[mystock]], end=myyear)
mystks[[ijj@name < - paste (mystock, myyear)
}
}

# 1. Fit segmented regression to derive breakpoint
mysr < - FLSRs(lapply(mystks, function(x) {
return(fmle(as.FLSR(x,model=segreg)))

n

# 2. create ices ref point objects with FLBRP
brp.ices = Map(function(x, y){

brp = brp(FLBRP(x, y))

brp@name = y@name

brp

},  mystks, mysr)

# 3. Create data frame with reference points
df < - data.frame()
for (iin 1:length(brp.ices)) {
df< -
df %>%
bind_rows(
as.data.frame(brp.ices|[[i]|@refpts) %>%
bind_rows(data.frame(refpt="blim", quant="ssb", iter=factor(1), data=as.numeric(mysr[[ijj@params["b"]),
stringsAsFactors = FALSE)) %>%

mutate(sto  ck = brp.ices[[ijj@name)

# Add 40% Bvirgin
df < -
bind_rows(
df,
df %>%
filter(refpt == "virgin" & quant == "ssb") %>%
mutate(
data = 0.4*data,
refpt = "virgin 40%")
) %>%
tidyr::separate(stock, into=c("stock","endyear"), sep ="") %>%

mutate(year = as.numeric(endyear))

# 4. Plot data frame
df %>%
filter(
(refpt == "spr.30" & quant=="harvest") |

(refpt == "f0.1" & quant=="harvest") ) %>%
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ggplot(aes(x=year, y=data)) +

theme_bw() +

theme(axis.text.x = element_text( angle = 90, vjust = 0.5, hjust=1)) +
geom_point(aes(colour=refpt)) +

expand_limits(y=0) +

facet_wrap(~stock, scales="free_y")

df %>%
mutate(year = as.numeric(year)) %>%
filter(
(refpt == "blim" & quant == "ssb") |
(refpt == "virgin 40%" & quant == "ssh") |

(refpt == "virgin" & quant == "ssh")) %>%

ggplot(aes(x=year, y=data)) +

theme_bw() +

theme(axis.text.x = element_text(angle = 90, vjust = 0.5, hjust=1)) +
geom_point(aes(colour=refpt)) +

expand_limits(y=0) +

facet_wrap(~st  ock, scales="free_y")
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Comparison of Segmented regression (left)and BH (right)
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WD 3 First approach on deriving biological reference points for black scabbardfish
NE Atlantc stock components
Inés Farias, Isabel Natario, Lucilia Carvalho and Ivone Figueiredo
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WD4Using asSurplus Production Model (SPM) for the lo#igrm forecaststo esti-
mate BRPfor mackerel
Henrik Sparholt 09/01/2022

Figure 5.4. Alternative SPM models for NEA mackerel.

The first and most difficult stage in this solution is to find the best possible SPMs that are con-
sistent with the available science for the stock in question. It involves checking for regime shifts
and reviewing the relevant literature. We have included a case with Northeast Atlantic mackerel
in Figure 3.1.1 and described in WK Doc for WKMSEMAC 2020 available on the SharePoint site
for that group and for the present group (WKMSEMAC Doc HS1 and WKMSEMAC Doc HS2).
For mackerel there was an issue of substantal misreporting (prior to 2006), that needed to be
addressed. It can be noted that this misreporting issue is as much of a problem for the current
ICES approach because it influences the SR relationship.

Which SPM model to select could be decided using the normal AICc criteria. In this case it would
be model #6¢ (Table 5.1) which is the bottom right one in Figure 5.4. One could also use an

ensamble approach giving weights to each model or use priors from Thorson et al.(2012)and
Sparholt et al.(2020), b obtain the best SPM.
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