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Abstract: Biomass limit reference points are widely used in fisheries management and defines
the biomass threshold below which stock productivity (i.e. recruitment) is likely to be
impaired. Scientifically sound and transparent methods for estimating biomass thresholds are
therefore needed together with ways of quantifying uncertainties. The main focus of the study
was placed on two methods currently applied to several small-bodied pelagic species in the
Northeast Atlantic. These methods have not formerly been described in the scientific
literature and are in the present study being compared to some already described methods, of
which, one is broadly applied outside the Northeast Atlantic. Using a combination of data
simulations and data from 51 small-bodied pelagic fish stocks, we analyzed the sensitivity of
estimated biomass thresholds to (i) the choice of method, (ii) time-series length, and (iii)
stock development (e.g. rebuilding or declining). It was demonstrated that estimated biomass
thresholds are associated with considerable uncertainty not previously quantified.
Furthermore, the level of the estimated threshold and the amount of uncertainty depended on
choice of method, time-series length, and stock development trends. Hence, this study
contributes to improving the quality of future biomass limit reference points by providing

guidance regarding choice of method and how to demonstrate stock-specific uncertainties.

Key words: Fisheries management, stock-recruitment, statistical uncertainty, small pelagics,

RAM Legacy, sustainable exploitation
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Fisheries management worldwide uses a variety of biomass limit reference points to ensure a
sustainable exploitation of fish stocks (Foley et al. 2015). Biomass limit reference points
based on stock-recruitment (SR) relationships originate from the expectation that when the
biomass of mature and reproducing individuals (i.e. spawners) falls below a certain biomass
threshold (BT), recruitment and stock productivity is impaired and the risk of stock collapse
increases (e.g. Sissenwine & Shepherd, 1987; Mace, 1994; Nakatsuka et al., 2017). This
assumption is supported by the observation that many stocks, which have experienced low
spawning stock biomass also suffered from poor recruitment (Myers et al., 1994; Barrowman

& Myers, 1999).

BTs based on SR relationships, in one or the other way, are particularly important for
management of small-bodied pelagic species. Maximum sustainable yield of these species is
often attained using either the so-called “escapement-strategy”, where the management
objective is to maintain a fishing pressure resulting in a low probability that spawning stock
biomass will fall to a level where recruitment is impaired (i.e. below BT), or harvest control
rules, where so-called “biomass triggers” guide shifts in fishing pressure to avoid impaired
recruitment (Deroba & Bence, 2008; Gjosater et al., 2014, Pikitch, 2015). While it is often
assumed that maintaining a fishing pressure capable of providing Fusy (i.e. the fishing
mortality resulting in maximum sustainable yield) does not place recruitment at risk, this is
not necessarily the case for small-bodied pelagic species. It has, for example, been shown that
Fmsy is either above or close to the fishing mortality leading to a 5% risk of impaired
recruitment in three out of four clupeids stocks in the North Sea and Baltic Sea (Rindorf et

al., 2017).

The SR relationship is often weak, and for the majority of stocks, there is either no apparent
“best” relationship or the parameters of the selected functional SR model is highly time

varying (Ricard et al., 2012, Subbey et al., 2014; Szuwalski et al., 2015; Szuwalski et al.,
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2019; Zhou, 2007). Because of this ambiguity about the SR relationship, several simplified

nonparametric (or semi-parametric) methods for estimating BTs have been suggested.

Presently, in particular, two types of approaches are applied to stocks in the Northeast
Atlantic region by the International Council for the Exploration of the Sea (ICES): (i) a
nonparametric approach where BT is equal to “the lowest spawning stock biomass where
large recruitment is observed” (with no strict default definition of “large recruitment™) and
(i) a simple parametric approach, where BT is equal to the spawning stock biomass at the
breakpoint in a segmented regression (i.e. a hockey stick model) fitted to the SR data (ICES,
2017). These methods have not formerly been described in the scientific literature, but

documentation can be found in ICES (2017).

In contrast to the above methods, alternative semi-parametric approaches, relying on
assumptions about the underlying functional SR relationship, have previously been suggested
in the literature. Examples of such approaches are those where BT is equal to the spawning
stock biomass producing 50% of maximum recruitment predicted by a Ricker or Beverton-

Holt model (Ricker, 1954; Myers et al., 1994; Beverton & Holt, 1957).

In the case of the approaches used by ICES in the Northeast Atlantic for small pelagics,
simple assumptions about the SR relationship are used to derive BT, in relation to which, a
target fishing mortality is set to ensure that BT is avoided with a high probability (ICES,
2014). However, in other parts of the world, models of the SR relationship is used directly in
the estimation of the target fishing mortality, while the biomass limit reference points are set
based on a certain percentage of the expected stock biomass when fishing is absent (i.e.
virgin biomass or Bo). Lower biomass limits are commonly defined as 0.20 times Bo and
target limits as 0.40 - 0.60 times Bo (AFMA, 2007; Pikitch et al., 2012). The consistency

between this approach and the approaches used for Northeast Atlantic stocks is unknown.
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Besides choice of method, numerous other aspects may influence BT estimates. These could
be the length of the time-series used to estimate BT. Time-series length varies between
assessments and increases over time as more data is being added. Furthermore, the time-
series used when assigning reference points are occasionally shortened if regime-shifts have
taken place, or if quality issues are raised in relation to historical landings. Finally, stocks that
are depleting or rebuilding (i.e. demonstrating declining or increasing spawning biomass over
time) may pose additional challenges (i.e. Szuwalski et al., 2019), since the range of observed
biomasses expands as time-series length increases, potentially changing the perceived SR
relationship over time. Currently, we know of no published systematic study evaluating the
confounding effects and biases of BTs arising from these factors. Hence, experts confronted

with the task of assigning BTs to stocks are left with little guidance.

To overcome this issue and provide guidance for the estimation and use of BTs, the objective
of the present study was to assess BT uncertainty. The sensitivity of BT estimates to (i)
choice of method, (ii) time-series length, and (iii) stock development was analyzed and new
R code to estimate the bias and precision of the BT estimates was developed. The first part of
the study used simulated SR data. However, to demonstrate that conclusions derived from
simulations are relevant in a practical setting, we supplemented these with analyses of real

SR data sets from 51 small-bodied pelagic fish stocks.

2. Materials and Methods

2.1. Methods for estimating biomass thresholds

The main focus of the study was placed on the methods currently applied to several small-
bodied pelagic species in the Northeast Atlantic, which has not formerly been described in

the scientific literature. However, for comparison, we also included previously described
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methods; including one method, which is broadly applied outside the Northeast Atlantic

(Pikitch et al., 2012; AFMA, 2007).

Altogether we considered six different methods: two nonparametric methods based on
percentiles (ICES, 2017), one parametric approach based on a simple hockey stick SR
relationship (ICES, 2017), two parametric methods based on estimated SR curves (Myers et
al., 1994; Beverton & Holt, 1957), and one semi-parametric approach based on a fixed

proportion of Bo (Myers, 1999).

The two nonparametric methods defined BT as the lowest observed spawning stock biomass
producing a “large” recruitment (type 1 in the ICES guidelines (ICES, 2017)). Here, we used
two definitions of “large”: recruitment > 50th percentile and recruitment > 80th percentile

(respectively referred to as P0.5 and P0.8 hereafter).

In the parametric hockey stick method (HS) (type 2 in ICES (2017)), BT was defined as the
breakpoint of a segmented regression. The breakpoint was estimated using the grid-search
method recommended in Borrowman & Myers (2000). This method is referred to as HS in

the following.

The two parametric methods, which involved model fitting of Beverton-Holt (Beverton &
Holt, 1957) and Ricker (Ricker, 1954) relationships, relied on the assumption that BT is equal
to a certain percentage of the spawning stock biomass that produces maximum recruitment as
predicted by the SR model, with the added requirement that the BT cannot be larger than the
maximum observed spawning stock biomass (Myers et al., 1994). Myers et al. (1994) used
50% of the maximum predicted recruitment, but initial investigations (in preparation for the
present study) showed that 50% resulted in BTs systematically lower than the minimum
spawning stock biomass of the simulated datasets for the Ricker model. Therefore, to ensure

that all BTs were targeting the same point of the SR curve, rather than using the (arbitrary)
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choice of 50% of maximum recruitment, we used the percentage that maximized the
probability of identifying the breakpoint from a hockey stick. The resulting percentages were
83% and 51% for the Ricker and Beverton-Holt, respectively. These two methods are
hereafter referred to as RK83 and BH51, respectively. Beverton-Holt and Ricker curves were
fitted using maximum likelihood estimation via Template Model Builder (TMB) assuming

log-normal distributed residuals (Kristensen et al., 2015).

In relation to the semi-parametric approach where BT was equal to a fixed proportion of Bo,
we used 20% as the fixed proportion and used the maximum observed spawning biomass

(Bmax) as a simply proxy for Bo. We will hereafter refer to this approach as 0.2Bmax.

Summary and illustrations of methods are provided in figure 1.

2.2. Simulation study

In order to simulate SR data with a common underlying threshold, we simulated from a
hockey stick relationship (i.e. simulated threshold = breakpoint of hockey stick). The hockey
stick in all our simulations had a breakpoint and asymptote at (100,100), corresponding to a
simulated threshold of 100. In the default simulations, data sets were simulated from a
hockey stick with n=10, 20, 30, or 40 spawning stock biomasses (i.e. mimicking time-series
lengths of 10, 20, 30, or 40 years) drawn from a uniform distribution ranging from 40 to
200% of the breakpoint. For each spawning stock biomass, recruitment was simulated from a
log-normal distribution around the hockey stick. A recruitment coefficient of variation (CV)
of 0.63 was used for the default simulations, corresponding to the median CV in the real
stock data described in the subsequent section. In the same way, we also based the before-
mentioned spawning stock range on the real stock data (to which we fitted hockey stick

models to derive the median range). The default spawning stock biomass range from 40 to
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200% of the breakpoint corresponded to a steepness of 0.4. Steepness is defined as the
predicted recruitment (in this case based on a hockey stick) at 20% of Bmax divided by the
predicted recruitment at Bmax (€.9. Mace & Doonan, 1988; Myers et al., 1999; Mangel et al.,
2013). A total of one thousand replicated SR data sets were simulated for each sample size
(n=10, 20, 30, and 40). It was not considered meaningful to apply the 0.2Bmax approach to the
simulated SR data sets because Bmax is tightly linked to the range of spawning biomasses

used in the simulations.

The sensitivity of the results to each simulation setting were carefully investigated. Firstly,
the effect of the recruitment CV, was tested by re-running the simulations using the 5 and 95
percentiles of the CVs found in the real stock data (CV = 0.18 and 1.23, respectively).
Illustrations of what the simulated data looks like under different assumptions about the

recruitment CV can be found in the supplementary materials.

The sensitivity of the results to erroneous assumptions regarding the underlying SR processes
was investigated by simulating SR data from different underlying curves (i.e. not just a strict
hockey stick assumption as used in the default simulations). In order to do this, we fitted
Ricker and Beverton-Holt curves to simulated hockey stick data with low variance (CV =
0.01) and a large sample size (n = 1000) with the same range of spawning stock biomasses as
in the default simulations. The rest of the calculations were performed as described above for
HS, except this time we used the fitted Beverton-Holt and Ricker curves to simulate

recruitment, instead of the hockey stick.

Lastly, we were re-running simulations with spawning stock range from 40 to 300% of the
breakpoint and 40 to 400% of the break point, which effectively increase steepness to 0.6 and

0.8, respectively (since Bmax increase).
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Potential effects of stock development (rebuilding or declining) were investigated by sorting
each of the 1000 replicate SR data sets (n=40) from highest to lowest spawning stock
biomass. We then drew sub-samples of n=20, 25, 30, and 35 from either end of the sorted SR
data (i.e. from the high end when imitating declining stocks and from the low end when
imitating rebuilding stocks). This approach ensured that depleting stocks initially had no or
few data below the breakpoint, whereas rebuilding stocks initially had relatively few data
above the breakpoint. BT was calculated using P0.5, P0.8, HS, RK83, and BH51 for each of

one thousand replicate sub-sampled data sets of each sample size.

All code used to simulate data and estimate BTs and the associated uncertainty is available at

https://github.com/mebrooks/StockRecruit.

2.3. Data-driven study

2.3.1. Stock assessment data

We compiled time-series of spawning stock biomass and recruitment of 51 small-bodied
pelagic stocks with more than 10 years of data from the RAM (Ransom A. Myers) Legacy
Stock Assessment Database (Version 4.44-assessment-only. Released 2018-12-22. Accessed
[Date accessed 2017-18-08]. Retrieved from DOI:10.5281/zenodo.2542919) (Ricard et al.,

2012) and the ICES database (extracted using ICES tools: https://github.com/ices-tools-

prod/icesSAG, accessed 2018-09-06 using the getSAG function in recruitment (recruitment
package: icesSAG)) (ICES, 2018). In order to avoid stock data from the Ram Legacy data
base originating from stock assessment models with build-in SR models, only stocks used in
Britten et al. (2016) were included. The compilation of stocks had a global coverage and the
following families were represented: Clupeidae, Scombridae, Gadidae, Hexagrammidae,

Ammodytidae, Engraulidae, Osmeridae, and Carangidae. The average number of years in
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each time-series was 35, but seven stocks had less than 20 years of data. The longest time-
series was 79 years. If the same stock was recorded in both the RAM and ICES database, the
ICES data was selected. A detailed overview of the stocks is provided in the supplementary

material.

2.3.2. Comparisons of methods

To allow comparisons of BT estimates across stocks, we expressed BT relative to the

geometric mean spawning stock biomass of each stock.

The precision of BTs resulting from the HS method was assessed by bootstrapping the CV of
the breakpoint (CVhs) (i.e. estimating the uncertainty of the breakpoint estimate). The
bootstrap procedure was organized in three steps: (i) re-sample paired observations with
replacement 1000 times from the SR time-series to obtain the same number of observations
as in the original dataset, (ii) estimate BT for each of the re-sampled data sets, and (iii)
calculate the CVhs across the re-sampled data sets. The R-code for this is available in the

function bootBlim() at https://github.com/mebrooks/StockRecruit.

In the data-driven part of the study, we only focused on BT approaches that are currently
applied in fish stock assessment and management (i.e. P0.5, P0.8, HS, and 0.2Bmax). It was
not considered meaningful to include RH83 and BH51, mainly since these were adapted
specifically to the simulated data; without applied cases available to guide the choice of

realistic percentages (i.e. different from 83% and 51%).

2.3.3. Effects of time-series length and stock development

11
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In order to test the sensitivity of BTs to time-series length and stock development in real data,
we performed the following three steps: (i) from each stock a subset comprised of the first 10
years (n=10) of stock-recruitment pairs was selected (i.e. representing a historic perspective
when only 10 years of data were available and the first assessment of the stock was carried
out). (ii) HS, P0.5, and P0.8 BTs were estimated, and (iii) data subsets were sequentially
prolonged by adding one year (n=11, 12, ..., 40). These three steps were repeated for each n.
BT was scaled to the geometric mean spawning stock biomass of the whole time-series.
Subsequently, we calculated the slope of BT as a function of n (hereafter referred to as BT-
slope). A positive BT-slope indicates that BT increases with increasing time-series length. To
determine if the relationship between time-series length and BT was influenced by stock
development, we also calculated the slope of the spawning stock biomass as a function of
time (S-slope). A positive S-slope indicates rebuilding stock and negative slope indicates
declining stock. All slopes were calculated using linear regression. S-slopes were plotted

against BT-slopes to reveal any relationships.

2.3.4. Analysis of case-study stocks

Four stocks were selected as our case-studies. The selected stocks all had at least 38 years of
data, only minor temporal trends in spawning stock biomass, and represented different types
of SR relationships based on visual inspection: (i) Peruvian anchoveta (Engraulis ringens,
Engraulidae) from North Central Peru (approaching an ever-increasing SR relationship,
recruitment CV = 0.35 and CVns = 0.52), (ii) Pacific herring from the central coast (Clupea
pallasii, Clupeidae) (occasional very large recruitment, recruitment CV = 0.98 and CVhs =
0.47), (iii) Chub mackerel from Tsushima strait (Scomber japonicas, Scombridae) (hockey

stick or Ricker-like SR relationship, recruitment CV = 0.3, CVxs = 0.20), and (iv) Pacific

12



2178

279

280

281

282

283

284

285

286

287

288

289

290

291

292

293

294

295

296

297

298

299

300

301

herring from the prince Rupert district C. pallasii (no clear stock-recruitment relationship,

recruitment CV = 0.66, CVns = 0.49).

For each stock we evaluated estimation uncertainty and examined the effect of increasing the
time-series length. This was done using the following three steps: (i) n pairs of spawning
stock biomass and recruitment were randomly sampled with replacement 100 times, (ii) BT
was estimated for each of the one hundred datasets (using either P0.5, P0.8, or HS), and (iii)
the above steps were repeated with n=10, 11, 12, ..., 38 (i.e. representing different time-

series lengths).

3. Results

3.1. Simulation study

Estimation bias (estimated BT relative to the simulated biomass threshold) and precision
(width of confidence intervals) were affected by time-series length and choice of method. In
general, the nonparametric methods produced more precise BT estimates compared to the
parametric methods (Fig. 2), but both P0.5 and P0.8 were negatively biased with the bias
being greatest for P0.5 (Fig. 2). Precision increased with increasing time-series length, but
due to the bias of P0.5, the confidence intervals of long time-series did not include the
simulated threshold. P0.8 produced slightly less precise estimates of BT and, in spite of being
consistently negatively biased, retained the simulated threshold within the confidence interval
at all time-series lengths (Fig. 2).

Two of the parametric methods (HS and BH51) resulted in BTs that were unbiased regardless
of time-series length and recruitment CV. The third parametric method, RK83, was positively

biased, but bias decreased as time-series length increased. Confidence intervals around BH51

13
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estimates were very large. Among the parametric methods, HS was the most precise and un-
biased method, with lower confidence limits similar to those derived using the nonparametric
methods but larger upper confidence intervals.

The precision of the different methods was highly dependent on the variation in recruitment
around the SR curve. When the recruitment CV was low, HS was superior to all other
methods, having no bias and high precision (Fig. 2 left panel). As CV increased, the
nonparametric methods became increasingly biased, but retained approximately the same
precision, whereas the precision of the parametric methods decreased substantially. While HS
remained unbiased at all levels of recruitment CV, the HS confidence intervals ranged from -
50 to +100% at the highest recruitment CV (Fig. 2). BH51 always had lower precision than
the remaining parametric methods while RK83 either had lower precision (Fig. 2 left panel)
or positive bias (Fig. 2 middle and right panels). Both the nonparametric (P0.05 and P0.8)
and the parametric methods (HS, BH51, and RK83) were relatively insensitive to the
assumption made about the shape of the underlying SR relationship and steepness, except
that precision declined for all methods when steepness increased from 0.4 to 0.8 (see
supplementary material).

When simulating a depleting stock, P0.5 and P0.8 decreased rapidly as time-series length
increased (Fig. 3), passing from positive to negative bias. HS changed from positive bias to
unbiased for longer time-series. For rebuilding stocks, P0.5 and P0.8 showed consistent
negative bias of around 50% and 25% respectively, while HS was relatively unbiased. There

was no substantial change in the bias of rebuilding stocks with time-series length.

3.2. Data-driven analysis

3.2.1. Comparison of methods

14
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When comparing different methods (P0.5, P0.8, HS, and 0.2Bmax) several patterns emerged.
BTs from P0.5 were always equal to or lower than those produced by HS (Fig. 4a). For the
vast majority of stocks, P0.5, P0.8, and 0.2Bmax produced BTs equal to or less than the
geometric mean spawning stock, whereas, HS produced BTs above the geometric mean
spawning stock for 42% of the stocks. For stocks where HS produced BTs that were less than
half of the geometric mean spawning stock biomass, agreement between HS and P0.5 was
relatively high (Fig. 4a). In contrast, there was no agreement between P0.5 and HS for stocks
where HS produced BTs higher than the geometric mean spawning stock biomass. When
CVhs was above 0.3 (i.e. breakpoint estimate from HS was highly uncertain), BTs from P0.5
were equal to or less than half the geometric mean spawning stock biomass. The agreement
between P0.8 and HS was in general higher when CVxs was below 0.3 (Fig. 4b), while the
agreement between P0.8 and P0.5 was high for some stocks and low for others (Fig. 4c).
0.2Bmax Were generally showing poor agreement with all other methods and the relationship
between BTs from the nonparametric methods (P0.5 and P0.8) and 0.2Bmax tended to be

negative (i.e. the higher the BT from P0.5 the lower the BT from 0.2Bmax) (Fig. 4d-f).

BTs more than twice the geometric mean spawning stock biomass were observed for 0%,
4%, 8%, and 4% of the stocks, when using P0.05, P0.8, HS, and 0.2Bmax, respectively. The
overall patterns depicted in figure 4 were similar to those seen in the simulated data (see
supplementary material). We also examined effects of the recruitment CV (i.e variation in
recruitment when above the hockey stick breakpoint), but no clear patterns emerged (see
supplementary material). With regards to steepness, the median BT from HS was equal to
33% of Bmax and 20% of the BTs from HS were > 60% of Bmax (i.€. low steepness), whereas

31% were below 20% of Bmax (i.e. high steepness).
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3.2.2. Effects of time-series length and stock development

The stocks represented a range of different developmental trajectories, from depleting
(negative S-slopes) to rebuilding (positive S-slopes) (Fig. 5). When using P0.5, P0.8, and HS,
negative S-slopes were mainly associated with negative BT-slopes, although, there were
instances where negative S-slopes were associated with positive BT-slopes when using HS.
In contrast, when using 0.2Bmax, Negative S-slopes resulted mainly in neutral BT-slopes.
Positive S-slopes yielded mainly positive BT-slopes for HS, P0.8, and 0.2Bmax, Whereas, for
P0.5, positive S-slopes was mainly associated with neutral BT-slopes (i.e. slopes close to

Zero).

3.2.3. Case study stocks

P0.5 and P0.8 decreased with increasing time-series length for all four stocks, and
concurrently the precision decreased (i.e. confidence intervals narrowed, Fig. 6). The
anchovy stock, which appeared to have a continuously increasing SR relationship, showed
low precision (i.e. large standard deviations) when applying HS, higher precision for P0.8,
and very high precision for P0.5 (Fig. 6). The discrepancy between P0.5 and HS was largest
for this stock. For the remaining stocks, the precision of P0.8 and HS was more similar. The
precision of P0.5 varied considerably among stocks, being lowest for the two herring stocks
(Fig. 6). P0.5 always produced the smallest BTs, whereas, HS produced higher BTs than P0.8
for some stocks, but not for others (Fig. 6). In general, the precision of HS was relatively low
and improved only slightly with longer time-series, which was in particular pronounced for

the stock where the SR relationship was ever-increasing (anchovy).
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4. Discussion

Biomass limit reference points, building on the idea that recruitment is impaired when stock
biomass drops below a certain critical biomass threshold (BT), are an essential part of
fisheries management and knowledge of the uncertainties associated with a given BT
estimate are key to providing robust management advice (Haltuch et al., 2008). This study
evaluated several methods for estimating BT for small-bodied pelagic species, primarily
focusing on three methods applied in the North Atlantic (HS, P0.5, and P0.8). However, for
comparison, a number of alternative methods used in other parts of the world, or described in

the literature, were included as well (BH51, RK83, and 0.2Bmax).

First of all, the present study demonstrated that estimates of BT are associated with
considerable uncertainty. Precision (i.e. measured as deviation from the simulated threshold)
and bias (i.e. as measured by width of confidence intervals) depended on the choice of
method, year-to-year variation in recruitment, time-series length, and stock development. In
general, the simulations and the data-driven studies were consistent regarding the overall
conclusions. Furthermore, four case-studies illustrated the degree of inter-stock variability,

supporting the notion that stock-specific decisions may always be needed (Katsukawa, 2004).

When variation in recruitment was low, the hockey stick approach (HS) was both unbiased
and precise regardless of time-series length. HS generally provided unbiased BT estimates in
the simulations, and was relatively insensitive to trends in stock development. For depleting
stocks, HS decreased as stock size was depleted and approached the simulated threshold,
leading to the elimination of an initial positive bias but not resulting in any negative bias. A

similar trend was seen in real data when the time-series length was less than 20 years.
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However, precision tended to be relatively low, when variation in recruitment was low,

which was also evident from the four case studies.

The nonparametric methods defining “large” recruitment as greater than the 50th percentile
(P0.5) or the 80th percentile (P0.8) provided relatively precise estimates of the simulated
threshold in both the simulation study and the four case-studies, in particular for PO.5.
Considering that P0.5 was by far the most precise of the methods tested, using this methods
and adding a fixed percentage as a buffer may seem as an appealing approach. However,
these nonparametric methods were also prone to systematic underestimation of the simulated
threshold (in the simulation study) and when analyzing real data, P0.5 yielded BTs that were,
on average, roughly half of those from HS. Lastly, when recruitment variation was increased
in the simulation study, estimated BT decreased further. This pattern was, however, mainly
confined to the simulation study and did not show up in the analyses of real stock data (see

supplementary materials).

The percentage providing results comparable with HS for Beverton-Holt (51%, BH51) was
virtually identical to the 50% suggested by Myers et al. (1994). However, BH51 was also the
most imprecise of the methods. Presumably because the maximum recruitment was poorly
estimated by the Beverton-Holt curve. In relation to the Ricker approach, the percentage of
maximum recruitment providing results comparable with HS was 83% (RK83),
demonstrating that using 50%, as suggested by Myers et al. (1994), would have resulted in a
systematic underestimation of the simulated threshold. Hence, the method relies heavily on
the ability to identify an appropriate percentage. Another limitation of this methods is the low
precision in cases where recruitment variation is high (similar to HS and BH51) (see also
Szuwalski et al., 2019). Lastly, BH51 and RK83 is based on relatively strict assumptions

(that cannot be easily tested) about the underlying functional SR relationship.
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Besides the fact that 0.2Bmax Was based on an arbitrary choice (in this case 20% of Bmax) it is
also hinged on the assumption that the “virgin” (or unfished) stock biomass is known.
Furthermore, the present study revealed a very low agreement with other methods analyzed
in the present study, which is worrying (i.e. as seen in Fig. 4). Small pelagic fishes generally
exhibit increases in recruitment over a greater range of spawning biomass than gadids and
pleuronectid and hence attain a lower proportion of the maximum recruitment on average at
20% of Bmax (i.e. lower steepness (Mace and Doonan, 1988; Myers et al., 1999)). This may
explain some of the systematic differences between this methods and those considering both

spawning stock biomass and recruitment.

One approach to selecting appropriate biomass limit reference points, could be to combine
several methods and consider agreements/disagreements among methods. In general there
was surprisingly little agreement between methods (i.e. as seen in Fig. 4). There was,
however, relatively high consistency between P0.5 and HS when the HS-estimated BTs were
less than the geometric mean spawning stock biomass. However, for stocks where the HS-
estimated BTs were greater than the geometric mean spawning stock biomass, the BTs from
the different methods were unrelated. P0.8 and HS produced similar ranges of BTs when
averaging across stocks, but at the level of the individual stock, P0.8 and HS yielded very
different results. This was also evident from the case studies, where P0.8 provided the highest
value for the Prince Rupert district herring stock, whereas, for the anchovy stock, the highest

value was derived from HS.

To gain acceptance and credibility of agreed biomass limit reference points, not only among
scientists, but also among managers and end-users (Caddy & Seijo, 2005; Rice, 2005), robust
and transparent approaches to estimate, evaluate, and explain the associated uncertainty of
are needed. Our assessment and comparison of BT methods serve to formally illustrate

several previously unstudied and unquantified sources of biases associated with the
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estimation of BTs. In addition, it shows that our ability to identify a simulated threshold is
rather limited based on the current set of methods applied by fisheries scientists in the
northeast Atlantic (ICES, 2017). The primary limitation and source of uncertainty arises from
one of the most well studied, yet still insufficiently understood process in fisheries science,
namely our ability to reliably represent and characterize SR relationships (Szuwalski et al.,
2015). The approaches tested within this study perform well (i.e. in terms of precision and
accuracy) when recruitment variation was low. However, this is seldom the case for marine
fish stocks that typically demonstrate highly variable and potentially non-stationary SR
relationships (Lindegren & Eero 2013; Beggs et al., 2014). Such high variability is
particularly prevalent in short-lived, fast growing and early maturing species of small pelagic
fish (e.g. MacKenzie & Koster, 2004; Lindegren & Checkley, 2013; Szuwalski et al., 2019).
To overcome these challenges, a better understanding of the sources of variation in
recruitment is needed to appropriately account for these underlying mechanisms in SR

models and ultimately in relation to biomass limit reference points.

One of the most frequently invoked sources of variability in stock abundances and/or
recruitment, besides density-dependence, is the underlying variability in climate or system
productivity (i.e. carrying capacity) that ultimately determines investment in reproduction,
fecundity, early-life survival and consequently recruitment success (e.g. Brunel & Boucher
2006; MacKenzie et al., 2012; Sparrevohn et al., 2013; Bartolino et al., 2014; Hobday et al.,
2016; Tommasi et al., 2017; Payne et al., 2019). Although meta-analyses of environmental
correlates and predictors of recruitment show a common tendency for published recruitment-
environment correlations to fail when verified with new data (Myers, 1998), more recent
examples show that environmental predictors of recruitment of small pelagic fish may hold
upon retesting (Lindegren & Checkley, 2013; Lindegren et al., 2017). Hence, identifying and

introducing ecologically underpinned predictors of recruitment variability into methods for
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assigning reference points could be one way to proceed. In addition to the potential
consideration and inclusion of environmental predictors, new techniques to assign reference
points are needed. Recent developments of nonparametric models allowing for estimations of
reference points, while accounting for model uncertainty seem promising in this regard (e.g.
Cadigan, 2012) and should be formally tested and considered as part of the toolbox needed
for fisheries scientist and managers to estimate and decide on robust BT within fisheries

management.

The estimation of SR relationships and the spawning stock biomass at which recruitment is
impaired is a key uncertainty in estimation of not only biomass limit reference points, but
also Fusy (Cadigan, 2012). The two most influential factors are the natural mortality the
stock experiences and the steepness of the stock recruitment relationship (i.e. the proportion
of the maximum recruitment attained at 0.2Bmax (Mace, 1994; Forrest et al., 2010; Zhou et
al., 2012)). Steepness is easily estimated from HS and hence the code in the supplementary
can be used to provide a rapid check of the validity of any assumptions of steepness. In the
stocks investigated here, the median HS of 0.33Bmax corresponded to a median steepness of
0.55, which is low compared to previous analyses using Ricker models for clupeids and
engraulids and scombrids (0.71 and 0.62) but in line with values for scombrids (0.52) (Myers

etal., 1994).

Choice of method was the most influential factor in estimating BT. Without clear guidelines
for when to choose each of the methods, this introduces inconsistencies, hidden subjectivity
and lack of transparency in stock management. Secondly, time-series length was found to be
important. Since time-series, displaying clear signs of a regime-shift, are occasionally
shortened in real life assessment settings when updating reference points (i.e. including only
the most recent part of the time-series), knowing the sources of uncertainty introduced by

doing so is essential. Finally, stocks that are depleting or rebuilding (i.e. demonstrating
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declining or increasing spawning biomass across years) may pose additional challenges, since
the range of observed biomasses expands as time-series length increases, potentially

changing the perceived SR relationship over time.

When recruitment variation is low, the HS method seem promising. However, as also
discussed above, variation in recruitment can be substantial when it comes to small-bodied
pelagic fish stocks. Hence, it may be useful to consider other methods in addition to HS.
However, further studies will be needed before we can formulate quantitative guidelines as to
which combination of methods to use and how and when to use them. Furthermore, as the
methods differed in their probability of over- or under-estimating the simulated threshold, the
decision on which method is preferable also depends on the risk-averseness of the decision
makers and the approach taken by scientists to incorporate the increase in reported
uncertainty (Rice, 2005). Lastly, we recommend that in addition to clearly stating the
methods used, the amount of data used, trends in the stock development, and the uncertainty

of the estimated BT, should be clearly reported as well.
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Important R-code are available at https://github.com/mebrooks/StockRecruit.

Stock-recruitment data were downloaded from the open access Ram Legacy Stock
Assessment Database (Version 4.44-assessment-only. Released 2018-12-22) (Ricard et al.,

2012) and the ICES database (extracted using ICES tools: https://github.com/ices-tools-

prod/icesSAG) (ICES, 2018).
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Figure 2. Biomass thresholds (BTs) in simulations. Each column of panels used a different
coefficient of variation (CV) in recruitment in the simulated stock-recruitment data.
Horizontal dashed lines represent 0% bias from the simulated threshold (i.e. the breakpoint of
the underlying hockey stick from which data were simulated). Solid lines are the medians of
1000 replicates and the grey areas encompass the 0.025 and 0.975 quantiles. The x-axis
represents time-series lengths used to estimate each BT. Five different methods were used to

calculate BT (from top and down: P0.5, P0.8, HS, BH51, and RK83).
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693  Figure 3. The effect of stock development on biomass thresholds (BTs). Median bias (relative
694  to the simulated threshold) in each BT is shown for combinations of: (i) three different
695  methods for estimating BT (rows of panels), (ii) different underlying stock-recruitment

696 relationships (hockey stick (solid line), Ricker (dotted line), and Beverton-Holt (dashed
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line)), (iii) different time-series lengths (x-axis), and (iv) depleting and rebuilding stocks

(columns of panels).

< —_
o~
(a)
&
o 2
o
=
o 2 4 *
k=l [ ]
% [T ® :'0 Qf o
@ — a2 o *
© N fa® g © o
(o] [ ]
o _
° 9 T T T T
0.0 05 1.0 15 20
Scaled BT (HS)
o _]
(9]
(c) .
—_ w
. _
o - ®© °
a
= o _| [ ]
BT @
Q
3 &ty
53 o _| O g
w [=}
o]
< —_
o
T T T T T
0.0 05 1.0 15 2.0
Scaled BT (P0.5)
o ] w
o™
— (e)
>
o w0
E <
2
d ®
e o | .
P o°
oM 1e) o]
kel
s
T S o
@ . 'y
= ey
° 9 T T T T
0.0 05 1.0 156 20

Scaled BT (P0.5)

Scaled BT (P0.8)

Scaled BT (0.2Bmax)

Scaled BT (0.2Bmax)

05 1.0 1.5 20

0.0

2.0

15

1.0

0.5

0.0

2.0

1.5

1.0

05

0.0

o % 8¢ o o
T T T | T
0.0 05 1.0 15 20
Scaled BT (HS)
L J
(d)
.
o o,
d
o o B ° °
Of& > Yaor Y
. 9&. e & @

T T I | T
0.0 05 1.0 15 20
Scaled BT (HS)

w
(f)
*
[ J 00 °
° ®0 o
O. :bq'

T T T | T
00 05 1.0 1.5 20

Scaled BT (P0.8)

Figure 4. Comparison of biomass thresholds (BTs) of 51 small-bodied pelagic stocks (scaled

to the geometric mean spawning stock biomass) and calculated using three different methods

(PO.5, P0.8, HS, 0.2Bmax, respectively). BTs calculated using HS were divided into stocks
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with relatively well defined hockey stick breakpoints (black dots, CVs < 0.3) and stocks
with poorly defined breakpoint estimates (white dots, CVus > 0.3). Axes were cutoff at 2.0.
Hence, outlier values twice the geometric mean spawning stock biomass were not included in

the plots (mounting to 4, 5, 0, 5, 1, 3 data points in a, b, c, d, e, f, respectively).
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Figure 5. The effect of stock development. Two types of slopes were calculated for each of
the 51 stocks: (i) the slope describing the relationship between time-series length and biomass

threshold (BT-slope) and (ii) the slope of spawning stock biomass as a function time (S-
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slope). Rebuilding stocks have positive S-slopes and depleting stocks have negative S-slopes.
BT-slopes were derived using the following four methods: P0.5 (a), P0.8 (b), HS (c), 0.2Bmax

(d). The grey scale represents the uncertainty of the S-slope (dark grey is high uncertainty).
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Figure 6. Four case-study stocks, representing different shapes of stock-recruitment
relationships: Peruvian anchoveta from North Central Peru (top), Pacific herring from the US
west coast (upper middle), chub mackerel from the Tsushima strait (lower middle), and
Pacific herring from the Prince Rupert district. To the left of the vertical black line, plots of

the SR relationship are shown. To the right of the vertical black line, mean biomass
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thresholds (BTSs), incl. 10% and 90% quantiles, are shown for three different methods (PO0.5,
P0.8, and HS) and as a function of time-series length. Quantiles were generated by randomly
sampling with replacement n (n = 10, 11, 12, ..., 40) pairs of spawning stock biomass and

recruitment with replacement 100 times.
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