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Quantitative Ecology and Resource Management

Recruitment, the entry of young fish into a stock, is an important process in population
dynamics models, which form the basis for many stock assessments. As such, recruitment
has been a focus of research among fishery scientists for over a hundred years. Recruitment
is often assumed to be a function of the spawning biomass of a stock. However, quantifying
this relationship is challenging. The first chapter of this thesis examines the prevalence of
a detectable influence of spawning biomass on recruitment for the stocks included in the
RAM Legacy Stock Assessment database. We found most stocks (57%) did not have a
detectable relationship between spawning biomass and recruitment over the observed ranges
of spawning biomass. Environmental factors appear to play a larger role in recruitment
variation. Furthermore, many of the stocks we examined had evidence of a regime shift
(46%). Our results highlight the need to develop effective methods to model and forecast
large variations in recruitment over time. The second chapter of this thesis evaluates the
forecast performance of six methods on groundfish recruitment. The methods varied in the
level of parameterization and operational use. We found that forecast performance depends

on the time period, the performance metric, and the characteristics of the time series. Our



results indicate an advantage in using non-parametric forecast methods, especially for mid-

term projections.
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INTRODUCTION

The National Oceanic and Atmospheric Administration (NOAA) was mandated to create
national standards to which fisheries in the United States must comply following the pas-
sage of the Magnuson-Stevens act in 1976 (PFMC 2020). National Standard 1 specifies that
fisheries should be managed with the goal of achieving an optimum yield (NS 1 2021). Stock
assessments are used by fisheries scientists and regional fishery management councils to de-
termine the optimum yield of a stock, while preventing overfishing (NS 1 2021). Modern
stock assessments seek to estimate the population processes governing a stock’s dynamics:
natural mortality, growth, recruitment, and selectivity (Punt, 2023). Recruitment is defined
as the number of fish entering a fishery or the population (the latter often age-0 fish). Esti-
mating recruitment is a necessary component of age- and size-structured assessment models.
However, recruits are often not observed in catches or surveys. Furthermore, the amount
of recruitment can be influenced by a variety of biological and environmental factors. The
effects of these two types of factors have made providing accurate forecasts of recruitment
elusive (Subbey et al., 2014). Despite the challenges associated with estimating and fore-
casting recruitment, it continues to be an integral part of stock biomass projections (Kell et
al., 2016). This thesis aims to contribute to the vast body of research on recruitment.
Classically, recruitment was assumed to be a function of spawning biomass. Parametric
stock-recruitment relationships such as the Beverton and Holt (1957) and Ricker (1954) mod-
els were used to estimate and predict recruitment. These models assume that recruitment is
a function of the spawning biomass. However, the primary driver in the stock-recruitment
relationship has been a source of debate. Myers and Barrowman (1996) suggested reduced
spawning biomass was associated with reduced recruitment while Gilbert (1997) argued that

instead of spawning biomass primarily driving recruitment, environmental factors played a



larger role than spawning biomass in determining recruitment. For example, environmental
conditions could lead to lower recruitment, which results in lower spawning biomasses. More
recent analyses of stocks in the RAM Legacy Stock database have found spawning biomass
has little detectable impact on recruitment over the observed range of spawning biomass for
many stocks (Szuwalski et al., 2015), lending credence to Gilbert (1997) hypothesis.

Many studies have sought to incorporate environmental covariates into the stock-
recruitment relationship, with varied success (Basson, 1999; Deyle et al., 2018). Haltuch
et al. (2019) reviewed studies that incorporated environmental variables into recruitment
forecasting. The authors found environmental drivers are most likely to be useful for species
that recruit at younger ages and have bottlenecks on survival during the juvenile stages (Hal-
tuch et al., 2019). A simulation study conducted by De Oliveira and Butterworth (2005)
found that an environmental index needs to explain more than 50% of the variation in recruit-
ment for there to be measurable differences in the performances of alternative management
procedures. Environmental effects on recruitment have also been modeled indirectly, us-
ing time-varying parameters (Xu et al., 2018) or hidden Markov models (Munch and Kottas,
2009; Tang et al., 2021). Stock-recruitment relationships that account for temporal change in
expected recruitment are attractive, given the presence of regime changes in stocks (Szuwal-
ski et al., 2015). The first chapter of this thesis seeks to contribute to the literature on the
evidence for stock-recruitment relationships by characterizing the robustness of the findings
of Szuwalski et al. (2015) to the addition of new data and the use of alternate analysis
methods. Specifically, it addresses the hypotheses that recruitment is primarily driven by
changes in spawning biomass and is not time-varying. Time series from the RAM Legacy
Stock Assessment database were extracted to characterize the form of the stock-recruitment
relationship. Two methods are used to determine the nature of the relationship between
spawning biomass and recruitment over the observed range of spawning biomass, 1) Spear-
man’s correlation and 2) detrended cross-correlation analysis (DCCA). The presence and
location of recruitment regime shifts are identified using three methods, 1) the pruned ex-

act linear time (PELT) algorithm, 2) Bayesian change point detection, and 3) multivariate



autoregressive state-space (MARSS) models. Finally, we compare simulated and observed
time series data to determine what characteristics best aid detection of a stock-recruitment
relationship.

Due to the difficulty in calibrating stock-recruitment relationships for many stocks,
identifying suitable alternatives has been an area of interest. Forecast methods differ in the
amount and quality of data needed, the assumptions made by the models, and the ease of
implementation. Furthermore, different methods can have variable performance in terms of
short- and long-term predictions (Van Beveren et al., 2021).

The challenges of parameterizing stock-recruitment relationships have led to increased
testing of semi- and non-parametric methods. Semi- and non-parametric methods for fore-
casting recruitment are based on a variety of modeling approaches. For example, Evans and
Rice (1988) used a probability distribution to predict recruitment in place of a functional
relationship with spawning biomass, while Cardinale and Arrhenius (2000) used generalized
additive models (GAMs) to analyze the recruitment of Baltic cod, and Sun et al. (2009) eval-
uated artificial neural networks for Norwegian spring-spawning herring. Empirical dynamic
modeling (EDM), described by Sugihara and May (1990), is also a popular non-parametric
prediction technique. EDM accommodates nonequilibrium and nonlinear dynamics (Ye et
al., 2015). Simplex projection and S-map, two EDM techniques were used to forecast sockeye
salmon recruitment in the Fraser River (Ye et al., 2015). The EDM forecasts outperformed a
standard Ricker model in eight of the nine salmon stocks examined. An analysis conducted
by Munch et al. (2018) on 185 stocks in the RAM Legacy Stock Assessment database found
that EDM forecasts had lower prediction error than classic stock-recruitment relationships.
The EDM method used by Munch et al. (2018) was able to take advantage of recent observa-
tions, as opposed to the single spawning biomass input required for classic stock-recruitment
functions. Also, fishery scientists and managers are interested in methods that are robust
to changing environments, which are expected under climate change (Subbey et al., 2014).
Identifying forecasting techniques that perform well within systems that undergo regime

shifts may allow for more sustainable harvests.



The second chapter of this thesis therefore evaluates the performances of several com-
mon and novel forecasting techniques in the short- and long-term, with a focus on data-rich
US West Coast and North Pacific groundfish stocks. Specifically, we test a suite of forecast
methods that vary in operational use across regions and the level of parameterization: 1)
Beverton-Holt stock-recruitment relationship, 2) an autoregressive-1 function, 3) mean re-
cruitment, 4) a hidden Markov sampling procedure, and 5) simplex projection, 6) a PELT
changepoint sampling procedure. We evaluate each forecast method using two different met-
rics and compare performance to several characteristics of the stocks’ time series. Finally,
we suggest appropriate recruitment forecast methods based on the region of the stock, the

period of the desired forecast, and the characteristics of the stock’s time series.



Chapter 1

THE ROBUSTNESS OF OUR ASSUMPTIONS ABOUT
RECRUITMENT: A RE-EXAMINATION OF MARINE
RECRUITMENT DYNAMICS WITH ADDITIONAL DATA
AND NOVEL METHODS

1.1 Abstract

Recruitment is the number of young fish entering a population and is an essential process in
age-structured stock assessment models. Many of the models on which stock assessments are
based assume some level of influence of spawning biomass on recruitment, and estimation of
this functional relationship has been a focus of substantial research. However, recruitment
is also influenced by environmental fluctuations that induce autocorrelated patterns, trends,
and shifts in deviations from the stock-recruitment relationship. Consequently, previous
meta-analyses of stock-recruitment relationships have had trouble calibrating the relation-
ship. We revisited the findings of Szuwalski et al. (2015) to determine if their results are
robust to the addition of data to the RAM Legacy Stock Assessment database and choice of
analysis method (the PELT algorithm, MARSS models, and Bayesian change point detec-
tion). Since the publication of Szuwalski et al. (2015), the number of stocks in the database
has doubled. We determined the primary influence of spawning biomass on recruitment and
examined the recruitment time series for regime shifts for 432 stocks. Our results indicated
that 57% of stocks did not have a significant correlation between spawning biomass and
recruitment over the observed biomasses. Environmental conditions played a larger role
in recruitment variation than spawning biomass. The presence, location, and number of
regime shifts in recruitment time series was highly dependent on the detection method, with

Bayesian change point detection identifying the fewest regime shifts. Despite the sensitivity



to the detection method, 46% of stocks without a significant correlation between spawning
biomass and recruitment are estimated to have experienced at least one regime shift as de-
termined by the PELT algorithm Our analyses suggest that effective methods for modeling
and forecasting large variations in recruitment over time are needed, particularly given that

climate change is predicted to impact the frequency and magnitude of regime shifts.

1.2 Introduction

The relationship between recruitment, the number of fish entering a fish stock (often age-
0 fish), and spawning biomass has been of interest to fishery scientists and managers for
decades (Subbey et al., 2014). Assessments for many stocks in the United States are based
on age-structured population dynamics models, which often use spawning biomass as a proxy
for reproductive potential (Kell et al., 2016). The stock-recruitment relationship has a direct
impact on the estimation of maximum sustainable yield (MSY). Understanding the relation-
ship, if any, between spawning biomass and recruitment is necessary for the estimation of
reference points and hence management advice.

The primary driver of recruitment strength has been a source of debate. Myers and
Barrowman (1996) suggested reduced spawning biomass was associated with reduced recruit-
ment. Gilbert (1997) argued that instead of spawning biomass driving recruitment, reduc-
tions in recruitment resulted in lower spawning biomasses. Since Gilbert (1997)’s publication,
multiple studies have found that spawning biomass explains the variation in recruitment for
only some stocks (Cury et al., 2014; Munch et al., 2018; Szuwalski et al., 2015). Szuwalski et
al. (2015) examined common assumptions about recruitment drivers using the RAM Legacy
Stock Assessment database (Ricard et al., 2012). Out of the 224 stocks examined, 61% had
no statistically significant positive correlation (p-value 0.05) between spawning biomass
and recruitment. Instead, environmental factors likely had a larger effect on recruitment
than spawning biomass (Szuwalski et al., 2015). The use of maximum sustainable yield

(MSY) reference points is questionable without a detectable stock-recruitment relationship,



as MSY estimation is dependent on the stock-recruitment relationship. This influence of
the environment on recruitment is pressing given 71% of the stocks without a detectable
stock-recruitment relationship in Szuwalski et al. (2015) exhibited changes in the average
recruitment, or regime shifts. Regimes, or shifts in the ecosystem to an alternate state of
nature, result in a change to the average recruitment (Collie et al., 2004; Scheffer et al., 2001;
Szuwalski et al., 2015). Regime changes are thought to be linked to variation in temperature,
salinity, currents, or upwelling (Jiao, 2009).

Current approaches to modeling recruitment often assume no large, sudden temporal
variation, as would be observed under regime shifts (Perélé et al., 2017). However, climate
change is predicted to increase the frequency of regime shifts (Hughes et al., 2013), which
could lead to biased projections for stock biomass (Perilé et al., 2017). Many methods have
been used to detect regime shifts post-hoc (e.g., Andersen et al., 2009; Crépin et al., 2012).
These methods are usually tested in isolation and often with a hypothesized location of a
past regime shift. Investigating how these methods compare to each other, specifically when
used naively, can further our understanding of the ability to detect future regime changes.

This study characterizes the robustness of the findings in Szuwalski et al. (2015) to the
addition of new data and the use of alternate analysis methods. Time series from the RAM
Legacy Stock Assessment database were extracted to characterize the form of the stock-
recruitment relationship (driven by spawning biomass, driven by the environment, mono-
tonically increasing or dome-shaped, etc.) The presence and location of regime shifts were
identified using three methods. Finally, we compared simulated and observed time series

data to determine what characteristics best aid detection of a stock-recruitment relationship.

1.3 Methods

1.3.1 Data

Recruitment and spawning biomass time-series data were extracted from the RAM Legacy

Stock Assessment database (doi:10.5281/zenodo.4824192). This database compiles stock


doi:10.5281/zenodo.4824192

assessment results for the world’s fisheries. For this analysis, only stocks with at least 20
years of contiguous time-series data were included. Stocks with a recruitment time-series
derived directly from a deterministic stock-recruitment relationship were eliminated. In
total, 432 stocks representing 182 species in 15 Food and Agriculture Organization (FAO)
regions met our criteria (Fig. 1.1), and 253 of these stocks were new to the database since the
publication of Szuwalski et al. (2015). Of the 224 stocks included in the original analysis, 45
were removed from the database or modified (i.e., split or merged with other stocks) and 179
were unmodified, except for the addition of new data. Supplementary Appendix 1 contains

a comparison of the stocks included in both analyses.

1.3.2  Stock-recruitment relationships

Two methods were used to determine the nature of the relationship between spawning
biomass and recruitment over the observed range of spawning biomass, (a) Spearman’s cor-
relation and (b) detrended cross-correlation analysis (DCCA). Stocks with a significant posi-
tive correlation between spawning biomass and recruitment were categorized as influenced by
spawning biomass. Stocks without a significant correlation between spawning biomass and
recruitment were considered environmentally-driven. Spearman’s correlation differs from
the traditional Pearson’s correlation by comparing the ranks of the variables (here spawning
biomass and recruitment) rather than absolute values (Spearman, 1987). Spearman’s corre-
lation is preferable to Pearson’s correlation in this scenario, as it removes the assumption of
linearity (Spearman, 1987). Most stock-recruitment relationships are assumed to be mono-
tonically increasing but not linear over the estimated range of spawning biomasses (Szuwalski
et al., 2015). Unlike Spearman’s correlation, DCCA can account for autocorrelation and non-
stationarity in time series (Podobnik and Stanley, 2008). DCCA has been used to examine
the cross correlation between nonstationary time series in climatology, physiology, and fi-
nance (Podobnik and Stanley, 2008). DCCA involves first dividing each time-series of length

N into k overlapping windows of size s, where k = N —s+1. Then, the windows of each time



series are independently de-trended locally by fitting a linear model so the coefficients of the
linear model are unique to each window of an individual time-series. Finally, the standard
deviation and covariance is calculated for each window and averaged over all windows. The
detrended cross-correlation coefficient for two time series X; and Y;, is then:

F/%CCA(S)
Fprax(s)Fpray(s) (1.1)

PbccA =

where F3.04(5) is the average detrended covariance between X; and Y;, and Fppa.(s) and
Fpray(s) are the average detrended standard deviations for X; and Y}, respectively.

The DCCA correlation coefficient for each stock-recruitment time series was calculated using
the R DCCA package (Prass and Pumi, 2020). Kristoufek (2014) found that DCCA coeffi-
cients can be sensitive to the window size. We tested window sizes of 5, 10, and 15 for the
432 stocks. These window sizes were chosen because they represented a varying level of de-
trending across a variety of time series lengths. Out of the three window sizes, a window size
of 15 was determined to be most appropriate for detrending the time series. Supplementary
Appendix 2 contains the results from the window size tests.

Some stocks have a dome-shaped stock-recruitment relationship due to compensatory
processes at high spawning biomass. These stock-recruitment relationships are not mono-
tonically increasing and, as such, require further processing (66 out of 432). The procedure
outlined by Szuwalski et al. (2015) was used to determine the shape of the stock-recruitment
relationship (Fig. 1.2 depicts a flow-chart of the procedure). First, the Ricker (1954) and
Beverton and Holt (1957) stock-recruitment relationships were fit to the data for each stock.

Then the relative likelihood (RL) of each model was calculated using;:

1
RL(MOdmzn) = AICc(MOD,,i0)—AIC:(MODmax) (12)
1+ el 2 )
(AIcc(Mopmm)—Afcc(MoDmax) )
2
RL(Modya,) = —< (1.3)

AICc(MOD,,ir)—AICc(MODmaz) )
2

1+ el
where MO D,,;,, refers to the model (Ricker or Beverton-Holt) with the lower AIC, value and

Modmax to the model with the larger AIC. value. A relative likelihood for the Ricker model



10

0.75 was assumed to indicate a dome-shaped stock-recruitment curve following Szuwalski
et al. (2015). Stocks below the cut-off were considered to be monotonically increasing.
Stock-recruitment pairs for which spawning biomass was greater than 150% of the peak of
the fitted curve were then removed before calculating Spearman’s correlation for the dome-

shaped stocks. The peak of the stock-recruitment curve, S,,.., was calculated using:

1.
s 15 (1.4)

bricker

where b,;..er represents the density-dependence parameter of the Ricker stock-recruitment
relationship. The resulting data were monotonically increasing and no longer violated the
assumption needed for Spearman’s correlation. The entire stock-recruitment time series
was used to calculate the DCCA correlation coefficient because DCCA does not require
time series to be monotonically increasing, therefore the dome-shaped stocks did not require

special processing.

1.3.3 Categorizing stocks

Recruitment in the RAM database is lagged to the year of fertilization. Therefore, the zero-
lagged Spearman’s correlation coefficient is indicative of the effect of spawning biomass on
recruitment over the observed range of stock sizes. In contrast, correlations at negative lags
are indicative of the influence of recruitment on spawning biomass. sizes the zero-lagged
correlation coefficient had to be statistically significant and the correlation coefficients for
the negative lags had to be less than the zero-lagged coefficient to conclude that such stocks
exhibited some influence of spawning biomass over the observed range of stock (Szuwalski et
al., 2015). Stocks without a statistically significant zero lag were considered environmentally-
driven regardless of the magnitude of lagged correlations. ‘Edge cases’ had both a significant
zero-lag coefficient and negative lag coefficients greater than the zero-lag coefficient. For
these stocks, the primary driver of recruitment over the observed biomass could not be

determined and choosing the largest correlation value post hoc could increase the chance of
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spurious results. However, Szuwalski et al. (2015) found that 95% of the significant negative
lags in the stocks they analyzed were within two years of the age-at-50%-maturity for the
stock. As such, significant negative lags were considered a sufficient indicator of the effect

of recruitment on spawning biomass.

1.3.4 Regime shifts

The stocks with evidence for environmentally-driven recruitment were examined for regime
changes in recruitment. Stocks with recruitment primarily influenced by spawning biomass
were not included for regime shift detection because we were unable to disentangle the
influence of changes in biomass from recruitment regime changes. Recruitment regimes
were determined using the pruned exact linear time (PELT) algorithm in the R changepoint
package (Killick and Eckley, 2014). PELT is based on the Optimal Partitioning approach
(Jackson et al., 2005), but includes a pruning step. First, the optimal change point in the
data is calculated by minimizing a cost function. A commonly used cost function in the

changepoint literature is the negative log likelihood (Killick et al., 2012):

k
C(Y(srys) = —mazg > _ logf(yi|6) (1.5)

i=t+1
where 6 represents the parameters of interest for the observations y; (i.e., recruitment obser-
vations) in a given segment (¢ + 1, k) of the time series. Time-series segments are defined in
the changepoint literature as sections of the time-series with different statistical properties,
such as means or variances (Killick et al., 2012). In this case, § would be the vector of mean
recruitments. A change in the mean recruitment over the time-series is used to indicate a
regime change. The changepoint package in R assumes that the natural logarithms of the
observations are normally distributed. The start of subsequent change points is detected by
conditioning the cost function on the data from the start of previous change point to the end
of the series. By working backwards, the PELT algorithm “prunes” potential points from the

dataset that are after the previous change point, reducing the computational time (Killick
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et al., 2012). The minimum regime duration was set at six years, to capture sub-decadal
variation. The PELT algorithm can detect changepoints using a variety of statistical criteria
such as the Akaike information criterion (AIC) and the Bayesian Information Criterion (BIC)
(Killick and Eckley, 2014). We used the AIC given its widespread use in the statistical

literature. The full function to minimize is:

m+1

> 10 sr1m)] + 20(

i=1

) (1.6)

n—p-—1
where m is the number of changepoints, which splits the data into m + 1 segments, 7; are

the locations of the change points in the time series, C'(y(r_,+1):,) is the cost function in

Eqn 4, and 2p(n_’;_1) is the AICy penalty function, where p is the number of parameters
introduced to the likelihood by the addition of a new changepoint and n is the total number
of recruitment observations. Without a penalty function, the algorithm would consider any
stochasticity in the data as a regime change. The changepoint package does not include
AlICes as a default penalty function but allows for it to be added manually. The change-
point package documentation includes instructions on how to create user-defined penalty
functions.

We applied two additional changepoint detection methods to evaluate the robustness
of the identified recruitment regimes, Bayesian change point detection and multivariate au-
toregressive state-space (MARSS) models . Unlike frequentist procedures for change point
detection, Bayesian approaches produce a posterior probability distribution for the likeli-
hood of a change point occurring at each location in the time series (Erdman and Emerson,
2008). We used the bep package in R (Erdman and Emerson, 2008), which follows the
method proposed by Barry and Hartigan (1993). For each MCMC sample, Barry and Har-
tigan’s algorithm randomly partitions the time series into blocks using a product partition
distribution (Barry and Hartigan, 1993) and calculates transition probability, p, at a given
position (Erdman and Emerson, 2008). Within each partition, the data are assumed to be
i.i.d. normal with mean, p;; (Barry and Hartigan, 1993). The posterior distributions of

the location of change points and the means p;; are updated using MCMC sampling. Barry
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and Hartigan (1993) provide a more complete description of the algorithm. A drawback of
Bayesian change point detection is that the method only provides a posterior probability. It
is necessary to select a minimum posterior probability to designate a regime shift, and we
chose to designate a regime shift when the posterior probability of a regime change was
0.75 by visually comparing the posterior probabilities with regime shift locations determined
using the other two methods.

For the MARSS model, we used the method outlined in Holmes et al. (2021) to detect
regime changes in the state process using standardized residuals from the mean recruitment.

First, the recruitment observations were modelled as an autoregressive process. The MARSS

model is:
Yi = xyi—1 + v, v; ~ N(0,r) (1.8)
To =T (1.9)

where y; is the “observed” recruitment during year ¢, x; is the “true” recruitment during
year i, and zq is the true initial recruitment at the start of the time series. xq is assumed
to be a constant (7) and is estimated by the model (Holmes et al., 2021). Both w; and v;
are error terms and assumed to be normally distributed with mean 0 and variances ¢ and
r, respectively. Years during which the standardized state residuals were > 2 or < -2 were

considered regime changes.

1.3.5 Time-series characteristics

We used simulations to determine the characteristics of a stock-recruitment time series that
best leads to the detection of a stock-recruitment relationship using Spearman’s correlation
coefficient and detrended cross-correlation analysis (DCCA). Spawning biomass time series
were simulated in two ways. In the first method, and following Szuwalski et al. (2015),

each spawning biomass observation was chosen from a uniform distribution over the range
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(dSy,So) where Sy represents the unfished spawning biomass and d represents the maximum
depletion level of the stock. In the second method, the first observation was sampled from a
uniform distribution using the same range as above. All subsequent points in the time series
were then generated using an AR(1) process with an autocorrelation coefficient equal to 0.7

(roughly the average autocorrelation for spawning biomass in the RAM database), i.e.:
St = C+0.7St,1 +€t,€t ~ N(0,0's) (110)

where ¢ is a constant. S; and e; respectively refer to the spawning biomass and observation
error at time t. e; was normally distributed with variance o, We used two depletion (d)
levels, 0.1 and 0.5, to mimic the different exploitation histories for the stocks in the database
where a depletion level of 0.1 indicates a high (past) level of exploitation. Recruitment time
series were generated using the Beverton-Holt (Ry,) and Ricker (Ricker) stock-recruitment
relationships with varying levels of steepness (h = 0.3, 0.5, 0.7, 0.9), i.e.,

4hS Ryet—+/2

Ry, = 1.11
" SPRyRy(1— h) + (5h — 1)S (1.11)

S 1.25(1— 5—55-) _er—o2
) — h BgSPERy ) pt—07/2 1.12
ercker SPR() (5 ) 0 0e ( )
e~ N(0,0,) (1.13)

where Ry represents the recruitment at the unfished spawning biomass Sy. SPR, is the
unfished spawners-per-recruit and ¢; represents process error at time ¢. 10,000 simulations
were run for each combination of the spawning biomass generation process, stock-recruitment
relationship, and steepness value. For each simulation, the recruitment error for the time
series was sampled randomly for o, = 0.1, 0.3, 0.5, 0.7, and 0.9. Then, the Spearman’s
correlation and DCCA correlation coefficients were calculated for each simulated data set.
The results of the simulation experiment were analyzed relative to the characteristics of
the stocks in each recruitment driver category (primarily influenced by spawning biomass,
environment, or edge case). Specifically, we calculated o, and the historical depletion for
each stock included in the analysis to determine whether differences existed between each of

the categories.
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1.4 Results

1.4.1 Categorizing stocks

The additional data (median 9 years) since Szuwalski et al. (2015) appear to have informed
some of the dynamics influencing recruitment. For example, the whiting Merlangius merlan-
gus stock in ICES area VIa was originally an edge case. In this analysis, it had a significant
positive influence of spawning biomass on recruitment (Fig. 1.3). Conversely, additional
data allowed the stock of arrowtooth flounder Atheresthes stomias in the Bering Sea and
Aleutian Islands to be classified as environmentally-driven instead of an edge case (Fig. 1.3).
Seventeen of the 39 “unmodified” stocks that were unclassified in the original analysis were
reclassified in this analysis (for the full list see Supplementary Appendix 1, Table 2).

Only 14% of the stocks analyzed had evidence of some influence of spawning biomass
on recruitment and 57% did not over the range of observed spawning biomasses (Table 1.1),
similar to the results of Szuwalski et al. (2015); 16% and 61% respectively). More stocks
than before had evidence of recruitment influencing spawning biomass more than spawning
biomass influencing recruitment (29% versus 23%). This increase in ‘edge case’ stocks is
partially due to the addition of new stocks to the RAM database. Out of the 127 edge case
stocks, 86 were not included in Szuwalski et al. (2015)’s original analysis. Supplementary
Appendix 4 contains plots for each of the 432 stocks.

The Spearman’s correlation coefficient differed markedly from the DCCA correlation
coefficients (Fig. 1.4), particularly for stocks with dome-shaped stock-recruitment relation-
ships. This difference is likely due to the pre-processing necessary to make the time series
monotonically increasing for Spearman’s correlation. The simulation experiment also in-
dicated that the DCCA coefficient has larger interquartile ranges than Spearman’s over a
variety of scenarios. This may account for the lack of relationship between the two methods.
Supplementary Appendix 5 contains dumbbell plots for difference in correlation coefficients

among stocks.
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1.4.2  Recruitment regimes

Of the 371 stocks with some influence of environment on recruitment, 44% had at least one
change in average recruitment, as detected by the PELT algorithm. This decrease is likely
related to the new stocks included in the analysis and the change in detection algorithm.
PELT appears to be less likely to designate a regime shift than STARS.

There were major differences in the number and location of regime changes among
the three methods for regime detection (PELT, Bayesian change point (BCP) detection, and
MARSS). The BCP algorithm detected the fewest shifts of the three methods, with a median
number of regimes detected of 0. The MARSS model detected more regime shifts than both
BCP and PELT, with a median of 2 regimes detected. The median number of regimes
detected in recruitment time series using the PELT algorithm was 1. BCP and PELT were
able to be used on all stocks, regardless of the time series variation, but 11% of the stocks
did not have enough variation in the recruitment time series to estimate both process and
observation error variances for the MARSS model.

Across stocks, more years were identified as regime shifts using the PELT algorithm
than using BCP. This difference is in part due to the minimum posterior probability selected
to ‘define’ a regime shift. A lower minimum posterior probability would likely increase the
number of years identified as regime shifts, while a higher minimum posterior probability
would likely decrease the number of years identified. For several stocks, all methods identified
a recruitment regime change within the same time frame (e.g., Fig. 1.5). Supplementary

Appendix 3 compares the three methods for each stock with at least one regime change.

1.4.83 Time series characteristics

We found Spearman’s correlation and DCCA performed best on stocks in our simulation
experiment that were more depleted and had low steepness and recruitment error. For
all the scenarios, the DCCA coefficient had a larger interquartile range than Spearman’s

correlation across simulations. The generation method for the spawning biomass time series
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and choice of stock-recruitment curve did not appear to affect whether a stock-recruitment
relationship was detected or not (Supplementary Appendix 6). Fig. 1.6 depicts simulation
results for one of the Beverton-Holt scenarios, with high historical depletion (0.1) and low
steepness (0.3). This is a “best case” scenario for identifying a correlation between spawning
biomass and recruitment. Both methods identify a correlation even when the recruitment
error is relatively high.

The historical depletion for all stocks included in this analysis is given in Fig.1.7a. As
expected from the simulation results, historical depletion was lowest for spawning-biomass
influenced and edge case stocks, and the estimated recruitment variation was lowest for

stocks with spawning biomass primarily influencing recruitment (Fig. 1.7b).

1.5 Discussion

The purpose of this study was to determine the robustness of the results of Szuwalski et al.
(2015) to the addition of new data and methods. Our results suggest that the recruitment
of most stocks in the RAM Legacy Stock Assessment database is primarily influenced by
environmental conditions, rather than spawning biomass. Only 14% stocks analyzed had
a significant positive relationship between spawning biomass and recruitment over the ob-
served biomass range. This finding is consistent with previous meta-analyses (Gilbert, 1997;
e.g., Szuwalski et al., 2015). Like Szuwalski et al. (2015), we found that a large proportion
of the environmentally-influenced stocks experienced a regime change when using a change
point detection algorithm. However, this is not the only method for regime detection. Our
results suggest the choice of method can have a large impact on inferences regarding the
number and location of regime changes in recruitment. BCP detected the fewest regime
shifts of the three methods while the MARSS models identified the greatest number. More
research is needed to determine which of the methods is the most appropriate for detecting
regime shifts in fishery time series, which requires an agreed upon and operational definition

of ‘regime shift’ Evaluating the performances of each of the methods using simulated data
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with ‘known’ regime shifts could provide some insight.

Our simulation results highlight that the ability to detect a stock-recruitment relation-
ship is highly dependent on the contrast in the spawning biomass time series and the level
of recruitment variation. This is consistent with our analysis of the RAM database stocks,
where those with a detectable influence of spawning biomass showed greater contrast in
spawning biomass and lower recruitment error (Fig. 1.7). This poses a problem for fish-
ery managers, as many stocks are unlikely to have the necessary characteristics to have a
well-defined stock-recruitment relationship, which complicates the derivation of management
reference points. More data may help illuminate the influence of spawning biomass on re-
cruitment for stocks with high recruitment variability.

Several of the edge case stocks analyzed in Szuwalski et al. (2015) were reclassified in
this analysis. Continuing to update the RAM database may lead to more reclassified stocks
in the future. Until longer time series can be developed, research into decreasing recruit-
ment uncertainty could be valuable. Some studies have examined the use of environmental
covariates to forecast recruitment (e.g., Basson, 1999; Olsen et al., 2011; Swain and Sinclair,
2000). However, results have been mixed. Another approach is using a non-parametric stock-
recruitment model, such as in Munch et al. (2005) and Cadigan (2013). Cadigan (2013) found
that using the bootstrapped confidence intervals derived from a shape-constrained additive
stock-recruitment model better reflected the uncertainty in the stock-recruitment relation-
ship than parametric models. Many stock assessments use stock-recruitment relationships to
calculate reference points despite the absence of a detectable influence of spawning biomass
on recruitment (Kell et al., 2016). This assumption may have ramifications on the status of
the stock, especially if assessments are not regular.

We compared two correlation methods to quantify the influence of spawning biomass
on recruitment. Although DCCA has advantages over Spearman’s correlation, our simula-
tion results indicate that its performance is marginally worse when attempting to identify
a stock-recruitment relationship. Across our simulations, the DCCA correlation coefficient

had a larger interquartile range than Spearman’s. We suggest that DCCA is not the ideal
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method for stock-recruitment data. The performance issues with DCCA on the time series
we analyzed may be due to a combination of the number of observations and the magnitude
of observation error. DCCA was developed using longer time series with less observation er-
ror, which might impact its performance when applied to the typical spawning biomass time
series. Longer time-series or pre-processing (limiting DCCA to the monotonically increasing
observations, as done for Spearman’s correlation) may reconcile these differences. Also, the
DCCA coefficient has been shown to be sensitive to the window size. In this analysis, we
chose a standard window size for all the stocks analyzed. A more appropriate method may
have been to choose a window size based on the length of each stock’s time series. Commonly
tested window sizes range from 8 to N /5 or N /4, where N is the length of the time series
(Barunik and Kristoufek, 2010); Mukli et al. (2015); Kaposzta et al. (2022)].

Three hundred and seventy-one of the 432 stocks we analyzed had a stronger influ-
ence of environment than spawning biomass on recruitment. Because all stocks likely have
some influence of environment on recruitment, identifying how this relationship can change
over time is important. The prevalence of recruitment regime changes is important from a
management perspective (Collie et al., 2004), and several studies have been conducted to
identify regime shifts in fish stocks (Collie et al., 2004; e.g., Hollowed et al., 1987; Perila et
al., 2017; Szuwalski et al., 2015). In our study, 46% of the 371 stocks with some influence of
environment on recruitment had at least one regime shift detected using the PELT change
point detection algorithm. This is a decrease from Szuwalski et al. (2015), which is likely
due to the change from the STARS to PELT algorithm. The STARS algorithm identified
on average one more regime than PELT, despite these being similar algorithms. Our results
suggest that the number and location of regime shifts is dependent on the method. Further
research is needed to determine the most appropriate method for identifying regime shifts
naively (i.e., without prior suspected years for shifts). Each of the methods explored in this
paper has advantages and disadvantages. To our knowledge, there is no peer-reviewed study
directly comparing change point detection methods. We believe a simulation study could

provide insight into when any one method is appropriate. Until then, we cannot comment on
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the best method and suggest that researchers use multiple change point detection methods
to analyze their data. It is often necessary to use naive changepoint detection methods in
systems or for stocks that have not been extensively studied. Using multiple methods could
allow for a more robust analysis in scenarios where methods that require a priori hypotheses
of regime shifts are not feasible. BCP also appears promising and has been used in previous
studies because it quantifies the relative uncertainty around the change point location. It
has also been adapted for online forecasting, which can estimate the likelihood of a regime
shift, given the time since the previous regime shift(Adams and MacKay, 2007). Perélé et
al. (2017) and Munch et al. (2018) explored various methods for modeling a changing stock-
recruitment relationship through time using Bayesian methods. The prevalence of stocks
with some evidence of a regime shift in our analysis indicates that time-varying mean re-
cruitment may be a worthwhile addition to assessment models.

There are several limitations to using recruitment time-series for analysis. Recruitment
time series are often treated as “data” despite being model outputs (Dickey-Collas et al.,
2015). The stocks in the RAM Legacy database also do not include errors for recruitment
or spawning biomass estimates, which can lead misinterpretation of the stock-recruitment
relationship Walters and Ludwig (1981). @Dickey-Collas et al. (2015) found recruitment
time series were sensitive to the assumptions of the assessment model on which they are
based. Even with recruitment indexes, such as egg production data, determining the stock-
recruitment relationship is challenging (Kell et al., 2016; Marshall, 2009). The RAM Legacy
database is biased towards species in the north Atlantic and Pacific (Fig. 1.1). We have
comparably fewer assessments for tropical species. Furthermore, the assessments from these
areas are likely to be data limited, precluding long time-series of spawning biomass and re-
cruitment time series.

In summary, our analysis indicates that some aspects of Szuwalski et al. (2015) are
robust to the addition of new data. The proportion of stocks with detectable evidence of the
influence of spawning biomass on recruitment is similar to previous findings. Environmental

conditions appear to play a large role in recruitment variation over time, as 86% of stocks in
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this analysis had a detectable influence of environment larger than the influence of spawning
biomass on recruitment. We found regime detection is sensitive to the change point detection
method, but further research is needed. Simulation studies including time series with known
regime shifts could lead to a better understanding of the performance of the various estima-
tion methods. However, a large proportion of stocks were found to have at least one regime
shift in the time series. Current approaches to stock-recruitment modeling often assume
no large, sudden temporal variation, as would be observed under regime shifts (Perila et
al., 2017), which could result in biased projections of stock biomass. Inaccurate projections
can have large impacts on the management of a stock, especially when harvest control rules
cannot account for abrupt shifts in biomass (see A'mar et al., 2009; Szuwalski and Punt,
2013). For example, a shift into a lower-recruitment regime could lead to weaker cohorts in
the following years. If the stock is not assessed regularly, the biomass projections produced
in a high recruitment regime may be inaccurate in a low recruitment regime. This may in-
crease the likelihood that a stock is overfished. Regime shifts may also impact the biological
reference points used in management. In the United States, the status of a stock is usually
determined by comparing the biomass estimate relative to a reference point, such as unfished
biomass (By) or the biomass corresponding to MSY (Bysy). Estimating By often requires
extrapolating to time periods without much catch or abundance data (Hilborn 2002). The
By value used in a stock assessment may not be representative of the current environmental
regime, which impacts our perception of the stock’s status. Stocks are vulnerable to over-
fishing or collapse without reliable estimates of their status. Time-varying stock-recruitment
relationships or harvest controls rules robust to regime shifts will be essential in the face
of a changing environment, but these can have unintended consequences (Szuwalski et al.,
2023). Identifying forecasting techniques that perform well within these systems could also
allow for better management advice and more sustainable harvests. Regime shifts should
be a consideration for fishery scientists developing the next generation of stock assessment

models.
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TABLES

Table 1.1: Summary of total number of stocks assigned to each recruitment driver based on

the shape of the stock-recruitment curve.

Dome-shaped stocks Monotonic stocks

Environment Spawning biomass Environment Spawning biomass Environment and/or

spawning biomass

20 16 194 45 127
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Figure 1.1: Map of stocks included in analysis by FAO region.
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Figure 1.2: Decision process for assigning drivers to each stock’s recruitment. Boxes represent
tests performed; ovals are the results of the tests. r represents the coefficient for the zero-
lagged correlation. If r is significant and the negatively lagged correlations are less than or
equal to 7, the stock is designated as driven primarily by spawning biomass. Otherwise, no

primary driver can be identified.
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Whiting Arrowtooth flounder
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Figure 1.3: The ICES Vla stock of whiting (Merlangius merlangus; upper panels) was one of
the stocks reclassified from edge case to spawning biomass influenced, while the Bering Sea
and Aleutian Islands stock of arrowtooth flounder (Atheresthes stomias; lower panels) was
reclassified from an edge case to environmentally-influenced. Panel (a) is the recruitment and
spawning biomass time series. Boxes highlight the start and end of the recruitment regimes
as identified using the PELT algorithm. The center of each box is aligned on the mean regime
recruitment. The widths of the boxes represent the standard deviations during each regime.
(b) depicts the stock-recruitment curve for the Ricker and Beverton-Holt models. Points
are color-coded by recruitment regime. (c) is the cross-correlation values for the spawning
biomass and recruitment time series. The values for significant zero-lagged coefficients and

the maximum negative-lagged coefficients are listed.
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Figure 1.4: Comparison of DCCA and Spearman’s correlation coefficients for each stock
with the primary recruitment influence categorized as spawning biomass (a), environment

(b), and edge cases (c).
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Figure 1.5: Comparison of regime shift locations for the three methods for the U.S. Southeast
and Gulf of Mexico stock of red grouper, Epinehelus morio. All methods show evidence of a
recruitment regime shift around 2003. Panels (a), (b), and (c) depict the PELT algorithim,
MARSS model, and BCP results, respectively. Recruitment regime shifts for the MARSS
model and BCP are highlighted in boxes.
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Figure 1.6: Range of DCCA and Spearman’s correlation coefficients for one of the simulated
scenarios. The spawning biomass time-series was generated using a uniform distribution and
the recruitment time series using a Beverton-Holt function. This scenario had a minimum

depletion (d) of 0.1 and a steepness parameter (h) of 0.3.
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Chapter 2

EVALUATING THE SHORT- AND MID-TERM
PERFORMANCE OF SIX FORECASTING METHODS ON
WEST COAST AND ALASKAN GROUNDFISH
RECRUITMENT

2.1 Abstract

Predicting future recruitment has been an area of concentrated research by fishery scien-
tists for over a hundred years. The variety of biological and environmental factors that
influence recruitment have made providing consistently accurate forecasts challenging. De-
spite the challenges associated with forecasting recruitment, improved recruitment forecasts
are for fishery scientists and managers, especially with changing ocean conditions due to
climate change. We evaluated short- and mid-term performance of six forecasting meth-
ods: 1) Beverton-Holt stock-recruitment relationship, 2) an autoregressive-1 function, 3)
mean recruitment, 4) a hidden Markov sampling procedure, and 5) simplex projection, 6)
a PELT changepoint sampling procedure for data-rich groundfish stocks managed by the
Pacific Fishery Management Council (PFMC) and the North Pacific Fishery Management
Council (NPFMC). The stocks differed in their time series length, exploitation history, and
the age of recruitment to the fishery. We determined that there was not one single best
method. Forecast performance was related to the length of the forecast period, the perfor-
mance metric used, and the characteristics of the recruitment and spawning biomass time
series. An autoregressive-1 function generally performed well for short-term predictions
across all the stocks we evaluated. For mid-term forecasts, PELT changepoint sampling and
simplex projection performed best. We found that recruitment autocorrelation was a key

characteristic to consider when choosing a forecast method. Only simplex projection per-



32

formed well across a wide range of autocorrelation values. Our analysis suggests that fishery
scientists and managers should consider their time frame of interest and the properties of

the time series when deciding on a forecast method.

2.2 Introduction

Recruitment, the numbers of young fish entering the population, can be influenced by a
variety of biological and environmental factors. Due to the number of factors that can influ-
ence recruitment, providing consistently accurate forecasts has proved elusive (Subbey et al.,
2014). Several methods for forecasting recruitment have been tested. Methods can be clas-
sified as parametric, semi-parametric, or nonparametric (Subbey et al., 2014). Parametric
methods assume a functional form for the relationship between recruitment and predictors
(Subbey et al., 2014). Classical parametric methods are stock-recruitment functions such
as the Beverton and Holt (1957) and Ricker (1954) models. These models assume that
mean recruitment is a function of the spawning biomass. However, the primary driver of the
stock-recruitment relationship has been a source of debate. (Myers and Barrowman, 1996)
suggested reduced spawning biomass was associated with reduced recruitment while Gilbert
(1997) argued that instead of spawning biomass primarily driving recruitment, environmental
factors played a larger role than spawning biomass in determining recruitment. For example,
environmental conditions could lead to lower recruitment, which results in lower spawning
biomasses. More recent analyses of stocks in the RAM Legacy Stock Assessment database
(Ricard et al., 2012) have found spawning biomass often has little detectable impact on re-
cruitment, in part due to the limited ranges of observed spawning biomass (Sellinger et al.,
2024; Szuwalski et al., 2015).

Semi- and nonparametric methods for forecasting recruitment are based on a variety of
modeling approaches. For example, Evans and Rice (1988) used a probability distribution
to predict recruitment in place of a functional relationship with spawning biomass, while

Cardinale and Arrhenius (2000) used generalized additive models (GAMs) to analyze the
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recruitment of Baltic cod, and Sun et al. (2009) evaluated artificial neural networks for Nor-
wegian spring-spawning herring. Empirical dynamic modeling (EDM), described by Sugihara
and May (1990), is also a popular non-parametric prediction technique. EDM accommodates
nonequilibrium and nonlinear dynamics (Ye et al., 2015). Simplex projection and S-map, two
EDM techniques were used to forecast recruitment of sockeye salmon in the Fraser River (Ye
et al., 2015). The EDM forecasts outperformed a Ricker model for eight of the nine salmon
stocks examined. In addition, an analysis conducted by Munch et al. (2018) on 185 stocks in
the RAM Legacy Stock Assessment database found that EDM forecasts had lower prediction
error than classic stock-recruitment relationships. The EDM method used by Munch et al.
(2018) was able to take advantage of multiple recent observations, as opposed to the single
spawning biomass input required for classic stock-recruitment functions. Parametric and
nonparametric methods can also be used together in ensemble models, as demonstrated by
(Ovando et al., 2022) on Bristol Bay sockeye salmon.

Choosing an appropriate method to forecast recruitment can be challenging. Methods
differ in the amount and quality of data needed, the assumptions made by the models, and
the ease of implementation. Furthermore, different methods have variable performance in
short- and mid-term predictions. For example, Van Beveren et al. (2021) simulated fore-
casts for 31 scenarios with varying life histories. There was no single best performing method
among the 16 techniques tested (Van Beveren et al., 2021). Performance was also linked to
the age at maturity for the stock, recruitment variability, and autocorrelation in the recruit-
ment time series (Van Beveren et al., 2021).

Despite the challenges associated with forecasting recruitment, it continues to be an
integral part of stock assessment for certain stocks (Johnson et al., 2016). Methods that are
robust to changing environments, which are expected under climate change, will be impor-
tant for fishery scientists and managers in the near future (Subbey et al., 2014). Identifying
forecasting techniques that perform well within systems that undergo regime shifts could
also allow for more sustainable harvest.

Our goal was to test a suite of forecast methods that vary in operational use across
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regions and the level of parameterization. Short- and mid-term recruitment forecast per-
formance of six forecasting methods: 1) Beverton-Holt stock-recruitment relationship, 2) an
autoregressive-1 function, 3) mean recruitment, 4) a hidden Markov sampling procedure, and
5) simplex projection, 6) a PELT changepoint sampling procedure were evaluated for data-
rich groundfish stocks managed by the Pacific Fishery Management Council (PFMC) and
the North Pacific Fishery Management Council (NPFMC). Short-term forecasts are defined

as 1 year and mid-term forecasts as 5 years.

2.3 Methods

2.8.1 Data

The groundfish stocks used in the analyses include data-rich rockfish, flatfish, and roundfish
from three management areas, the Pacific West Coast, the Bering Sea and Aleutian Islands,
and the Gulf of Alaska (Table 2.1). The stocks included were restricted to those with at
least 20 years of recruitment estimates. Any stock that derived their recruitment time series
directly from a stock-recruitment relationship was eliminated. Time series for Pacific West
Coast stocks were trimmed to the main recruitment deviation period for the stock assessment.
These stocks differ in their time series length, exploitation history and the age of recruitment

to the fishery (Fig. 2.1).

2.3.2  Forecasting methods

Six forecasting methods are fitted to a training data set:

1. 1. Average recruitment plus process noise:
=
log(Ry) = — 2 log(R;) + es, e, ~ N(0,0,) (2.1)

2. 2. An autoregressive-1 (AR(1)) time-series model. The log of the recruitment at

time t is a function of the log of recruitment at time ¢t — 1, i.e.:
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log(R;) = ¢plog(Ri—1) + e, e ~ N(0,0,) (2.2)

where |¢| < 1.

3. 3. The Beverton-Holt (Beverton and Holt, 1957) stock-recruitment relationship with

process noise, i.e.:

. aSt
1+ 0bS,

S; is assumed to be equal to the spawning biomass at the final year of the training set.

R, exp(es), e ~ N(0,0,) (2.3)

4. Simplex projection (Sugihara and May, 1990). Simplex projection is based on Takens’
theorem (Takens, 1981), which uses time lags of an observed variable to recreate the
dynamics of the generating system. It is a nonlinear and nonparametric technique,
which makes it useful for ecological time series (Munch et al., 2018). The number of
time lags is referred to as the embedding dimension (E). Once the embedding dimension
is chosen, the time series is transformed into a series of E-dimensional points X¥ =
{zt,zt — 1, ..,2t — (E — 1)}. For example, an embedding dimension of 3 would result
in series of 3-dimensional points {xt,xt — 1,2t — 2} (e.g., Fig. 2.2), which represent
segments of the original time series. Prediction for a given point, x;, follows a k-nearest-
neighbors approach. Each E-dimensional point is compared to the other E-dimensional
points in the time series. The “nearest neighbor” points are segments of the time series
that mostly closely match the preceding dynamics of the given point {zt — 1, 2t — 2}.
The target prediction xt is calculated from the weighted average of the one-step forward
projections from each of the identified nearest neighbor segments @(Sugihara and May,
1990) with the weights calculated by taking the exponential of the distance between
the target E-dimensional point and the identified nearest neighbors. The number of
neighbor points used by the algorithm is often set to E4+1 (Sugihara and May, 1990).
Figure 2.3 walks through the steps of simplex projection in 2 dimensions (adapted from

Petchey, 2016). For our analysis, we included process error into the simplex forecasts,
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making it semi-parametric. The recruitment at time ¢, Ry, is calculated by taking the
average of the nearest E+1 neighbors, (Rg41 neighbors) multiplied by the exponential of
the process error. The process error is assumed to be normally distributed with mean

0 and standard deviation o,.

Rt = REJrl neighborsexp(et)a €y ~ N(O, UT) (24)

o, is estimated from the training dataset by standardizing the recruitment data, R;, using

the mean recruitment, R.

re = log(Ry) — log(R) (2.5)

and the estimate for o, is calculated using the mle function in the stats/ package in R. The
simplex projection function in the rEDM package (Pack et al. 2023) provides deterministic
confidence intervals for predictions. Adding process error to these predictions may overesti-
mate the variation in the data. However, without adding process error, we would be unable

to perform simulations.

5. Hidden Markov model sampling procedure. The sampling procedure is based on the
protocol developed by Brodziak (2022). Brodziak’s sampling procedure begins by using
a k-means clustering algorithm to classify recruitment and spawning biomass observa-
tions into terciles (high, medium, and low groups). Then, the number of recruitment
values within each tercile are counted for each spawning biomass tercile (high, medium,
or low). These values are used to calculate the transition probabilities. Recruitment
predictions are generated by determining the tercile into which the spawning biomass
observation falls and sampling from a multinomial distribution with the tercile-specific
transition probabilities. Our sampling algorithm differs from Brodziak’s. Instead of
using a clustering algorithm in the first step, we fit a 2-state hidden Markov model to
the training data using the depmizSj package in R (Visser and Speekenbrink 2010).
The response in this model is the log ratio of recruitment to spawning biomass, and

the predictor is spawning biomass.
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log(g = Bo; + £1,;5) (2.6)

where 3 ; is the intercept for state j, and j = 1,2. (3 ; is the coefficient for spawning biomass
in state 7 = 1,2. The errors for the response are assumed to be gaussian. The depmixS4
output provides estimates for the transition matrix from state 1 and state 2, the Ss for each
state, and the standard deviation of the recruitment error in each state. The posterior state
classifications at each time step in the training set can be recovered for the data and model.

The forecasting portion of the sampling protocol uses the estimated transition matrix
and the posterior state classifications for the training data. First, the state at each of the
forecast years is generated using the final state classification in the training data and the
estimated transition matrix. For example, if the predicted state at the end of the training
data was 2, the estimated transition probabilities for state 2 are used to predict the state
at forecast year 1. This process can be repeated to determine the state for multiple forecast
years. Once the state is determined for a forecast year, the log recruitment-spawning biomass
ratio for that year is sampled from a normal distribution N (y;,0;) where j represents state 1
or 2. pu; and o; are calculated by separating recruitment and spawning biomass observations
in the training set by posterior state classification, then determining the mean and standard
deviation for each state. Recruitment predictions for forecasts are calculated by multiplying
the sampled recruitment-spawning biomass ratio by the spawning biomass for the year. Like
the Beverton-Holt method, the spawning biomass is assumed to be equal to the spawning

biomass at the final year of the training set.

Ry =(3) (2.7)

L
S
6. PELT sampling procedure. The The PELT sampling procedure is similar to the Hidden
Markov model sampling method but does not assume a default of recruitment regimes.
The number of recruitment regimes, if any are detected, is determined by the pruned
exact linear time (PELT) algorithm. PELT is based on the Optimal Partitioning

approach (Jackson et al., 2005). PELT has been shown to be faster and more accurate
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than other multiple changepoint detection algorithms, such as binary segmentation
(Killick et al., 2012). First, the optimal change point in the data is calculated by
minimizing a cost function. A commonly used cost function in changepoint literature

is the negative log likelihood (Killick et al., 2012):

k
C(Yas1)s) = —mazg »_ logf (y:l0) (2.8)

i=t+1
where 6 represents the parameters of interest for the observations y; (i.e., recruitment obser-
vations) in a given segment (¢ + 1, k) of the time series. Time-series segments are defined in
the changepoint literature as sections of the time-series with different statistical properties,
such as means or variances (Killick et al., 2012). In this case, § would be the the vector of
mean recruitments. The changepoint package in R assumes that the natural logarithms of
the observations are normally distributed. The start of subsequent change points is detected
by conditioning the cost function on the data from the start of previous change point to
the end of the series. By working backwards, the PELT algorithm “prunes” potential points
from the dataset that are after the previous change point, reducing the computational time
(Killick et al., 2012). The minimum regime duration was set at seven years, to capture sub-
decadal variation. The PELT algorithm can detect changepoints using a variety of statistical
criteria such as Akaike information criterion (AIC) and the Bayesian Information Criterion
(BIC) (Killick and Eckley, 2014). We used the AIC¢ given its widespread use in statistical
literature. The full function to minimize is:

m+1

Z [C(y(Ti—1+1)ITi)] + 2p(

i=1

) (2.9)

n—p—1

where m is the number of changepoints, which splits the data into m + 1 segments, 7; are

the locations of the change points in the time series, C'(y(r,_,+1).) is the cost function in

Eqn 4, and 2p(n7271) is the AIC¢ penalty function, where p is the number of parameters

introduced to the likelihood by the addition of a new changepoint and n is the total number

of recruitment observations. Without a penalty function, the algorithm would consider any
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stochasticity in the data as a regime change. The changepoint package does not include
AICC as a default penalty function, so it was calculated manually.

The forecasting procedure works as follows. First, the PELT algorithm is run on the
training data. If a regime shift is detected, the training data is split at the location of
the regime change. The mean and standard deviation are calculated for the recruitment
observations in the most recent regime shift. The predicted recruitment is sampled then
sampled from a normal distribution N (y;.;, 0;,;), where ¢:j indicates the years that fall into
the most recent regime shift. If no regime shift is detected in the training data, the sampling

procedure is equivalent to the average recruitment with some process noise.

2.3.8  Fwvaluation approach

The time-series for each stock is divided into a training and test set. The initial training set
for each stock was the first 19 years of the time series, which was sufficiently long enough
to fit the forecast methods and leave enough years to forecast. The training set is used to
fit each of the forecast methods. Predictions are made once the forecast model is fit, and
these are compared to the recruitment in the target years in the test data set. The data for
target years from the test set are then included in the training set, and the forecast models
are refit. Recruitment predictions are made in this way until the end of the test data set is
reached. Figure 2.4 depicts this ‘expanding window’ approach to forecasts. Each model run
generates a series of short (1-year) and mid-term (5-year) predictions for the test data. The
forecast procedure is repeated 1,000 times starting at the initial year of test data to generate
confidence intervals for the short- and mid-term forecasts by year. The percentage of times
the observed value of recruitment fell within the inter-quartile range was used as a measure

of skill for each forecast method.

R;in 95% C1

number of years in forecast

We also calculated the mean absolute scaled error (MASE) of the forecasts. MASE is the

(2.10)

coverage probability =

ratio of the mean absolute error of the forecasted recruitment to the lag-1 difference in the
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recruitment training data (Equation 2.11). Unlike other common accuracy measures, such
as root mean squared error and mean absolute error, MASE is scale independent. Scale
independence allows which us to compare forecast accuracy across stocks (Hyndman and
Koehler, 2006). MASE is also easily interpreted and insensitive to outliers (DeFilippo et al.,
2021; Hyndman and Koehler, 2006; Ward et al., 2014).

%Z? ’Pi,y B Ri,y‘
—= > |Riy — Riy1]

MASE;, = (2.11)

The MASE for stock ¢ in year y is calculated by first calculating the mean absolute error
between the forecasted recruitment in year y, P, ,, and the “observed” recruitment in year y,
R, ,, across the simulations, n. The denominator is the mean absolute difference (R;;—R; ;1)
between the recruitment in the years (¢) of training period of length m years. With a
sufficiently long enough time series, a random walk model without drift would converge to
one (Ward et al., 2014). Ideally, the MASE values for a given method would be less than
one, indicating the method performs better than a random walk. However, the recruitment
time series are short and a MASE value above one would not be unusual.

We generated a MASE value for each year of a stock’s test data and forecast method.
The distribution of MASE values by method were compared to determine accuracy of each
method among stocks. To compare MASE values more easily across stocks and time, we
divided MASE values into three periods. The first 10 years of forecasts for each stock were
designated as the ‘early’ forecast period. The ‘mid’ forecast period represented forecast years
11 to 20, and the ‘late’ forecast period represented any forecasts beyond 20 years. Ideally,
with more training data, we would see MASE values decrease over time. This would indicate
that forecast performance improved with additional data. We also expect MASE values to be
higher for longer-term forecasts, as predicting recruitment accurately farther into the future

is more difficult than predicting recruitment in the short term.
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2.8.4 Stock characteristics

The performance of each of the forecast methods was examined in relation to several char-
acteristics of the stock time series. The characteristics considered were (1) the length of the
time series, (2) the spawning biomass depletion ratio, (3) the recruitment autocorrelation
and (4) standard deviation across the total time series, (5) the presence of a detectable in-
fluence of spawning biomass on recruitment (a stock-recruitment relationship), and (6) the
presence of regime shifts. We used the procedure developed in Szuwalski et al. (2015), to test
for the presence of a stock-recruitment relationship. In this procedure, a stock is considered
to have a detectable relationship of spawning biomass on recruitment if (1) the zero-lagged
Spearman’s correlation coefficient (Spearman, 1987) is significant and (2) the coefficients for
the negative lags are less than the zero-lagged coefficient. The PELT algorithm was used to

determine if any of the stocks underwent a regime shift in their recruitment time series.

2.4 Results

2.4.1 FExample species

For illustration, we will walk through the forecast procedure for a single Alaskan stock, the
Gulf of Alaska (GOA) Pacific ocean perch, the recruitment time series for which extends
from 1977 to 2020. The initial training set for short-term forecasts was 1977 to 1996 and
the initial training set for mid-term forecasts was 1977 to 1993. The training set for the
mid-term forecasts is shorter to have the first and last year of predictions for both short-
and mid-term forecasts be 1997 and 2020, respectively. The six forecast methods were fit to
the training set and 1,000 recruitment predictions were generated for each method. Using
the expanding window approach, the initial test year was added to the training set and the
forecast procedure was repeated. The 1,000 short- and mid-term recruitment predictions
for each year were used to determine the 80% and 95% simulation intervals (Figs. 2.5

and 2.6). The coverage probability was then used to evaluate the performance of each



42

forecast method. The coverage probability was calculated by dividing the number of times
the observed recruitment for year t fell within the 95% simulation intervals for the forecasted
recruitment for year t by the total number of test years. Ideally, coverage probabilities would
be 0.95, but any value between above or equal to 0.8 would be considered adequate for the
purposes of stock assessments. Coverage probabilities lower than 0.8 indicated that the
forecast method was not capturing the recruitment dynamics, while coverage probabilities
in excess of 0.957 indicate that the uncertainty around the recruitment forecasts is too high.
All the methods except for simplex projection fell within the ideal range for short-term
recruitment forecasts (Fig. 2.7a). However, only the mean recruitment, Beverton-Holt,
and PELT sampling methods fell within the ideal range for mid-term forecasts (Fig. 2.7b).
MASE values were highest for HMM sampling in both short- and mid-term forecasts (Fig.
2.8a-b). The distribution of MASE values for the other five methods were similar for both
forecast lengths, and all were larger than 1, indicating that none of the methods performed

better than better than a naive forecast using the training data.

2.4.2  Qverall

There was no clear best recruitment forecast method across all the stocks as different methods
performed better depending on the forecast period (i.e., short or mid-term), management
region, and stock characteristics. Figure 2.9 shows the frequency each of the methods fell into
the ideal coverage probability range across all stocks for both short- and mid-term forecasts.
AR(1) had the highest frequency (0.583) of producing short-term forecasts that fell within
the “ideal” coverage probability range. The PELT sampling method and simplex projection
had the highest frequency for the mid-term forecasts (0.556 and 0.472, respectively). There
were differences in performance among management regions. AR(1) was the best performing
method for stocks in the Bering Sea and Aleutian Islands (BSAI) region (Fig. 2.9b), but
the frequency of the coverage probability for mid-term AR(1) forecasts being within the
ideal range was 0 for the Gulf of Alaska region (GOA) (Fig. 2.9¢). The PELT sampling
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method performed particularly well for short- and mid-term forecasts for the West Coast
stocks (frequencies of 0.631 and 0.526, respectively; Fig. 2.9d).

The MASE values differ by stock, forecast length, and method. We found that median
MASE value across stocks and method decreased as the forecast period increased, although
the difference was slight - the median 1-step MASE values for each forecast period were 1.22,
1.18, and 1.14 for the early, mid, and late periods, respectively. The median 5-step MASE
values showed a similar trend (1.28, 1.21, 1.19 for early, mid, and late, respectively). The
median MASE values were more variable within each forecast method (Fig. 2.10). For all
stocks, the frequency of outliers increased during the late forecast period. We calculated
the frequency of MASE values less than 1 by region and method to evaluate how well each
forecast method performed against the in-sample naive forecast (Fig. 2.11). AR(1) and
PELT sampling had some of the highest frequencies of MASE values less than 1 across each
of the regions (Fig. 2.11).

Although there is no best performing method, there is one method that performed badly
across the majority of stocks. Hidden Markov sampling had the lowest frequency of coverage
probabilities falling within the “ideal” range for short- and mid-term forecasts for the Gulf
of Alaska and the West Coast (Fig. 2.9¢-d). HMM sampling also had the widest distribution
of median MASE values across stocks regardless of the forecast period (Fig. 2.10) and as
such, had the lowest frequency of MASE values less than 1 (Fig. 2.11).

2.4.8 Stock characteristics

Time-series length had a slight negative correlation with coverage probability for most of
the methods (Fig. 2.12). This trend was more pronounced for mid-term forecasts than
short-term forecasts. There was a slight improvement in the coverage probability of HMM
for short-term forecasts for stocks that have longer time series. A longer time series may
increase the likelihood that a stock experiences a regime shift, improving the performance of

HMM sampling compared to the other methods. Like time-series length, there was a nega-
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tive correlation between depletion and coverage probability (Fig. 2.13). Short- and mid-term
coverage probabilities were better for stocks with high levels of depletion and worse for stocks
with low levels of depletion (Fig. 2.13). The one exception was PELT sampling, which per-
formed better in short- and mid-term forecasts when depletion was low.

Recruitment standard deviation had a slight positive correlation with coverage probabil-
ity for a majority of methods (Fig. 2.14). AR(1) mid-term forecasts in particular performed
better for stocks with a higher recruitment standard deviation. Recruitment autocorrelation
appeared to have the largest impact on coverage probability. Low coverage probabilities
were correlated with high recruitment autocorrelation for most of the methods (Fig. 2.15),
especially for mid-term forecasts. Simplex projection was the exception and performed well
across a range of recruitment autocorrelation values for mid-term forecasts.

The performance of the methods was also evaluated in the context of detectable stock-
recruitment relationships and recruitment regime shifts. Only two methods, the Beverton-
Holt equation and HMM sampling assumed a relationship between spawning biomass and
recruitment. For stocks without a detectable stock-recruitment relationship (27 stocks out of
36), the Beverton-Holt stock-recruitment relationship performed similarly to other methods
in short- and mid-term forecasts (Fig. 2.16). Six of the thirty-six stocks had some evidence
for the influence of spawning biomass on recruitment, but not enough to determine this
for certain. For these stocks, the Beverton-Holt method performed well (Fig. 2.16). For
the three stocks with a detectable stock-recruitment relationship, the Beverton-Holt method
performed especially well for mid-term forecasts (Fig. 2.16b), but similarly to others for
short-term forecasts. This may be due to the smaller sample size compared to the stocks
without a detectable stock-recruitment relationship. HMM sampling only performed well for
stocks with some evidence of a stock-recruitment relationship when predicting one year ahead
(Figure 2.16a). Of the thirty-six stocks, twelve had evidence of a recruitment regime shift.
Two of the forecast methods tested incorporated changes in average recruitment across the
time series: HMM sampling and PELT sampling. However, HMM sampling was the worst
performing method, even for stocks with evidence of a regime change (Fig. 2.17). PELT



45

sampling had a lower median coverage probability for stocks with a regime change than the
other methods (Fig. 2.17). This poorer performance is particularly evident for short-term
forecasts (Fig. 2.17a). This discrepancy in performance may be due to the location of the
regime change. Eight of the twelve stocks with at least one regime shift detected had a
regime shift within the first 19 years of the recruitment time series. The PELT sampling
procedure appeared to perform better for those eight stocks than for the four stocks with

later regime shifts (Fig. 2.18).

2.5 Discussion

Our goal was to evaluate a suite of forecast methods for recruitment that vary in operational
use across regions and complexity. We evaluated the performances of the methods in terms
of short-term (1-step) and mid-term (5-step) predictions. Our results suggest that there
is no best method among the stocks evaluated, which is consistent with previous research
(Van Beveren et al., 2021). Of the six methods we evaluated, the AR(1) method and PELT
sampling generally performed well on the two metrics (Figs. 2.9 and 2.11) and simplex pro-
jection had consistently high coverage probabilities (Fig. 2.9). However, forecast accuracy
depended on forecast length, stock characteristics, and region. Of the stock characteristics
we assessed, recruitment autocorrelation had the largest impact on coverage probabilities
(Fig. 2.15).

HMM sampling was the worst performing method across the Gulf of Alaska and the
West Coast for both metrics. AR(1) performed best when used for short-term forecasts for
all of the regions (Figs. 2.9 and 2.11). The frequency with which AR(1) forecasts fell within
the ideal coverage probability range decreased for mid-term forecasts, especially for stocks
in the Gulf of Alaska (Fig. 2.9¢c). The coverage probabilities for the AR(1) method were ro-
bust to recruitment autocorrelation in short-term forecasts (Fig. 2.15a). However, we advise
against using AR(1) for mid-term forecasts when autocorrelation is high, as there is a marked

decrease in coverage probability(Fig. 2.15b). Increasing autocorrelation can lead to higher
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prediction error (Johnson et al., 2016; Van Beveren et al., 2021), even when recruitment
autocorrelation is correctly specified (Johnson et al., 2016). Time series methods, including
AR(1), have conflicting performance among previous studies, especially when environmental
effects are included (Subbey et al., 2014). The discrepancy between our results and those of
previous studies may be due to the life history of the stocks we evaluated because differing
reproductive strategies between short- and long-lived fish influences the effectiveness of some
recruitment forecasting methods (Haltuch et al., 2019).

PELT sampling and simplex projection are more appropriate than AR(1) for mid-term
recruitment forecasts. These methods had the highest frequency of coverage probabilities
falling within the ideal range for mid-term forecasts and had smaller discrepancies in coverage
probability performance for short- and mid-term forecasts when compared to AR(1) (Fig.
2.9). PELT sampling and simplex projection differed in their performance given varying
levels of spawning biomass depletion and recruitment autocorrelation. Specifically, cover-
age probabilities for the PELT sampling method increased with lower stock depletion rates
while simplex projection had a slight negative trend (Fig. 2.13). Simplex projection was
the method most robust to high recruitment autocorrelation, especially for mid-term fore-
casts (Fig. 2.15). In contrast, PELT sampling did not perform well for stocks with high
autocorrelation. Both methods had larger median MASE values than the AR(1) method for
the early and middle forecast periods, but all three methods performed similarly during late
forecast periods (Fig. 2.10). Larger prediction errors are common with sampling procedures
and EDM techniques (Munch et al., 2018; Van Beveren et al., 2021). EDM prediction error
has been shown to increase for long-lived stocks (Munch et al., 2018), which our study is
limited to. PELT may be a useful method for stocks with evidence of a recruitment regime
shift early in their time series. However, PELT sampling coverage probabilities were lower
when the first identified regime shift is late in the time series (Fig. 2.18). This decrease in
performance is likely due to the smaller sample size of recruitment points in the new regime
from which to sample. Simplex projection also performed well for stocks with evidence of a

recruitment regime shift. Previous research found EDM techniques had advantages over tra-
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ditional stock-recruitment models when stocks underwent an abrupt change in productivity
(Sguotti et al., 2020). What might appear to be regimes could also be the result of non-linear
dynamics, which EDM techniques can account for in forecasts (Munch et al., 2018).

There are several limitations to this study. The metrics used to evaluate forecasts vary
across the literature. Coverage probability and MASE have been used in fisheries before
(DeFilippo et al., 2021; Johnson et al., 2016), but neither are used universally, and de-
termining a suite of performance metrics would aid in comparing forecast methods among
studies. Also, we evaluated forecast performance only in the context of predicting the re-
cruitment time series. Other studies have tested the performance of recruitment forecasts
within age-structured models (Van Beveren et al., 2021) and management strategy evalua-
tion (MSE) (A’mar et al., 2009; Haltuch and Punt, 2011; Szuwalski and Punt, 2013; Wayte,
2013), which may provide more insight into the operational effectiveness of each forecast
method. As recruitment time series are model outputs and can inherit quirks from model
assumptions (Dickey-Collas et al., 2015), further research would be necessary to determine
if the methods we tested are robust in an operational setting.

While there is no silver bullet for recruitment forecasting, we have found that evaluating
stock characteristics and the desired forecast period can provide some guidance on an appro-
priate method. Ultimately, the best method will provide “valuable” recruitment forecasts
which aid in the decision making of managers and stakeholders (Kiaer et al., 2021). Ideally,
these methods will be robust to changes in stock productivity, as regime shifts are likely to

increase with climate change.
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Table 2.1: Stocks included in this analysis. The stocks represent two regional management

councils, the North Pacific Fishery Management Council (NPFMC) and the Pacific Fishery

Management Council (PFMC). The stock regions are the Bering Sea and Aleutian Islands
(BSAI), and the Gulf of Alaska (GOA).

Common name Species name Management Region Data Years included
council category

Arrowtooth Atheresthes NPFMC BSAI Tier 3 1976-2019

flounder stomias

Atka mackerel Pleurogrammus  NPFMC BSAI Tier 3 1977-2020
monopterygius

Blackspotted and  Sebastes NPFMC GOA Tier 3 1977-2021

Rougheye rockfish  melanostictus,

complex Sebastes
aleutianus

Dusky rockfish Sebastes NPFMC GOA Tier 3 1979-2020
variabilis

Greenland turbot  Reinhardtius NPFMC BSAI Tier 3 1980-2020
hippoglossoides

Kamchatka Atheresthes NPFMC BSAI Tier 3 1991-2020

flounder evermanni

Northern rock Lepidopsetta NPFMC BSAI Tier 1 1975-2020

sole

polyzxystra
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Table 2.1: Stocks included in this analysis. The stocks represent two regional management
councils, the North Pacific Fishery Management Council (NPFMC) and the Pacific Fishery
Management Council (PFMC). The stock regions are the Bering Sea and Aleutian Islands
(BSAI), and the Gulf of Alaska (GOA). (continued)

Common name Species name Management Region Data Years included
council category

Northern and Lepidopsetta NPFMC GOA Tier 3 1977-2021

southern rock sole  polyzystra,
Lepidopsetta
bilineata

Northern rockfish  Sebastes NPFMC GOA Tier 3 1977-2020
polyspinis

Pacific cod Gadus NPFMC Eastern Bering  Tier 3 1977-2020
macrocephalus Sea

Pacific cod Gadus NPFMC GOA Tier 3 1977-2019
macrocephalus

Walleye pollock Gadus NPFMC Eastern Bering  Tier 1 1964-2020
chalcogrammus Sea

Walleye pollock Gadus NPFMC GOA Tier 3 1977-2020
chalcogrammus

Pacific Ocean Sebastes alutus ~ NPFMC BSAI Tier 3 1977-2017

perch

Pacific Ocean Sebastes alutus ~ NPFMC GOA Tier 3 1977-2020

perch

Sablefish Anoplopoma NPFMC BSAI Tier 3 1977-2018
fimbria

Yellowfin sole Limanda aspera NPFMC BSAI Tier 1 1954-2020

Aurora rockfish Sebastes aurora  PFMC Pacific west Data-rich 1963-2012

coast
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Table 2.1: Stocks included in this analysis. The stocks represent two regional management

councils, the North Pacific Fishery Management Council (NPFMC) and the Pacific Fishery

Management Council (PFMC). The stock regions are the Bering Sea and Aleutian Islands
(BSAI), and the Gulf of Alaska (GOA). (continued)

Common name Species name Management Region Data Years included
council category

Black rockfish Sebastes PFMC California Data-rich 1963-2014
melanops

Black rockfish Sebastes PFMC Washington Data-rich 1963-2014
melanops

Boccacio Sebastes PFMC Pacific west Data-rich 1960-2015
PAUCISPINIS coast,

Cabezon Scorpaenichthys PFMC Northern Data-rich 1962-2018
marmoratus Californian

slope

Cabezon Scorpaenichthys PFMC Oregon Data-rich 1980-2018
marmoratus

Cabezon Scorpaenichthys PFMC Southern Data-rich 1975-2018
marmoratus California slope

Canary rockfish Sebastes PFMC Pacific west Data-rich 1960-2014
pinniger coast

Chilipepper Sebastes goodei  PFMC Pacific west Data-rich 1966-2014

rockfish coast

Darkblotched Sebastes PFMC Pacific west Data-rich 1975-2016

rockfish crameri coast

Dover sole Microstomus PFMC Pacific west Data-rich 1975-2020
pacificus coast

Kelp greenling Hexagrammos PFMC Pacific west Data-rich 1980-2014

decagrammus

coast
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Table 2.1: Stocks included in this analysis. The stocks represent two regional management

councils, the North Pacific Fishery Management Council (NPFMC) and the Pacific Fishery

Management Council (PFMC). The stock regions are the Bering Sea and Aleutian Islands
(BSAI), and the Gulf of Alaska (GOA). (continued)

Common name Species name Management Region Data Years included
council category
Lingcod Ophiodon PFMC Northern Data-rich 1960-2020
elongatus Pacific west
coast
Lingcod Ophiodon PFMC Southern Data-rich 1970-2020
elongatus pacific west
coast
Petrale sole FEopsetta PFMC Pacific west Data-rich 1950-2018
jordani coast
Sablefish Anoplopoma PFMC Pacific west Data-rich 1960-2020
fimbria coast
Splitnose rockfish  Sebastes PFMC Pacific west Data-rich 1975-2008
diploproa coast
Widow rockfish Sebastes PFMC Pacific West Data-rich 1965-2018
entomelas coast
Yelloweye rockfish  Sebastes PFMC Pacific west Data-rich 1960-2016

ruberrimus

coast
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Figure 2.1: Comparison of time series characteristics for each management region. Panels
depict (a) the length of each stock’s recruitment time series, (b) the stock’s historic spawning
biomass depletion, (c¢) the recruitment autocorrelation at lag = 1 for each stock, (d) the
log standard deviation of each stock’s recruitment time series, (e) the number of stocks
with a detectable regime shift, and (f) the number of stocks with a detectable stock-recruit
relationship. Depletion (panel b) is defined as the 5 spawning biomass quantile divided by
the 95" spawning biomass quantile. Regime shifts were detected using the PELT changepoint
algorithm (panel e). Stock-recruitment relationships were determined using the method

outlined in Szuwalski et al. (2015).
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Figure 2.2: Transformation of a time series into E-dimensional points. The prediction for

the target point (green) uses the nearest-neighbor E-dimensional points (blue).
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Figure 2.3: 2-dimensional representation of simplex projection. First, the embedding di-
mension for the time series is identified. In this figure, E = 3. To make a prediction for
the observation point, labeled “obs”, the data points for the previous three years, colored in
blue, are considered. The most similar segments in the time series are identified by calculat-
ing the distance from the time series segment (blue points) preceding the observation point
(“obs”). The “nearest-neighbor” segments are highlighted in dark green. The value for the
prediction is calculated using the weighted average of the fourth points in each sequence in

the identified segments, each colored green.



56

25

20

Value
[2=Y
[6)]

10

5 10 15
Year

Figure 2.4: A representation of the expanding window forecast approach. The shaded dark
green area indicates the initial training set and the dark green points the predictions made
using the model fit using the data for this region. After making predictions, the target years
are included in the training set. The shaded light green area represents the second training
set. The light green points represent the predictions made using the model fit on the second

training set.

20



57

(a) mean (b) AR(1)
w w
S S 300
. 200 e
5 5 200
IS IS
5 100 2
o S 100
O] O]
24 24
1980 1990 2000 2010 2020 1980 1990 2000 2010 2020
Year Year
(c) Beverton—Holt (d) simplex
@ 300 o 400
o o
o o
e 2 300
€ 200 c
(O] (O]
c £ 200
= =
S 100 o
2 Q 100
24 24
1980 1990 2000 2010 2020 1980 1990 2000 2010 2020
Year Year
(e) HMM (f) PELT
1500
w w
o o
8 8
< 1000 < 200
c c
(O] (O]
£ £
S 2 100
(&) (&)
O] O]
D e A &
0
1980 1990 2000 2010 2020 1980 1990 2000 2010 2020
Year Year

Figure 2.5: Short-term (1-year) forecasts for Gulf of Alaska Pacific ocean perch. Black points
represent the recruitment time series. Blue points represent median forecasted recruitment.
The blue shading represents the 95% simulation confidence intervals. The green shading

represents the 80% simulation confidence intervals. Note that the y-axis differs among panels.
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Figure 2.6: Mid-term (5-year) forecasts for Gulf of Alaska Pacific ocean perch. Black points
represent the recruitment time series. Blue points represent median forecasted recruitment.
The blue shading represents the 95% simulation confidence intervals. The green shading
represents the 80% simulation confidence intervals. Note that the y-axis values differ among

panels.
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Figure 2.7: Gulf of Alaska Pacific ocean perch coverage probabilities for the six forecasting
methods. (a) Short-term forecasts and (b) mid-term forecasts. Dotted lines represent the

“ideal” range for coverage probabilities, between 0.8 and 0.957.
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Figure 2.8: Boxplots of MASE values by method for short- (a) and mid-term (b) recruitment
forecasts for Gulf of Alaska Pacific ocean perch. Dotted lines represent a MASE value of 1,
where the MAE of the forecast method is equal to the in-sample naive MAE.
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Figure 2.9: Frequency with which each method fell within the ideal coverage probability range

for the short- (green) and mid-term forecasts (blue). (a) Frequency for all stocks included

in analysis, (b) frequency for stocks in Bering Sea and Aleutian Islands management region,
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Figure 2.13: Forecast method coverage probabilities by spawning biomass depletion for (a)
short- and (b) mid-term forecasts. Points represent the coverage probability for each stock.
Trend lines are shown for each method. Gray ribbons represent uncertainty around the trend

lines.



66

@ (b)
AR(1) Beverton—Holt HMM AR(1) Beverton—Holt HMM
1.00-____0_:.-_0_-___-_-_ o S ee®® —aaq | oI C 1.00-____0_‘:_:_-__‘__
o°® > 0.8 © ° H
o 23" L% 8
L - Seesee __ e |l __o%____ e L. o, e _ ___.‘,(___0._
0.75 ° -3 ~ 0.75+ oo
° ° °® L Py
L] . ° L]
° L]
0.50 0.50 °
° L]
0.254 0.25+
2 2
3 3
2 0.00 2 0.00-
<) <)
a a
o mean PELT simplex o mean PELT simplex
j=2] j=
© 1.00 . ° ° © 1.00+ .
501~ " g TSN [} S-S DA L et 2|z~ S S SO |} AP WA L =% e
8 —02"—7.—’. '?'. o LY e 8 }./ : '. .- ° o0 ®
(@] ® ° N e ° O ° ° 2 'y & o°
R SR ____..‘_"_r__._ e el atatals el S SR ___'E..‘.T-i_ F--e-2-— - .
0.75 1 oq 0 o o oy o 0.75+ ° o » .
L] [} (] ° o0 AN
L] [ ]
L[]
L]
050 . 0.50- ° p
L °
0.25 0.25-
0.00 4 0.00 -
T T T o T T T T T T T T T o T T T T T T T
& FERCY N o & NS FEICY N S o> @ ) o & NS JEICY N2
Log recruitment Log recruitment
standard deviation standard deviation

Figure 2.14: Forecast method coverage probabilities by the log recruitment standard devi-
ation for (a) short- and (b) mid-term forecasts. Points represent the coverage probability
for each stock. Trend lines are shown for each method. Gray ribbons represent uncertainty

around the trend lines.
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Figure 2.15: Forecast method coverage probabilities by recruitment autocorrelation for (a)

short- and (b) mid-term forecasts. Points represent the coverage probability for each stock.

Trend lines are shown for each method. Gray ribbons represent uncertainty around the trend

lines.
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CONCLUSION

Recruitment, the number of fish entering a fish stock (often age-0 fish), is an important pop-
ulation process when modeling fish population dynamics. As such, research into recruitment
has been extensive. Major themes in the recruitment literature include understanding the
stock-recruitment relationship and improving recruitment forecasts. The stock-recruitment
relationship has a direct impact on the estimation of maximum sustainable yield (MSY),
which is essential for determining the sustainable harvests of fishery stocks in the United
States. Forecasting recruitment is an integral part of stock biomass projections (Johnson
et al., 2016). Improved projections of stock biomass help managers evaluate the status of a
stock and set harvest limits (Deyle et al., 2018). The goal of this thesis was to add to the
body of literature on recruitment through two research objectives, (1) re-evaluating a previ-
ous meta-analysis of stock-recruitment data in the RAM legacy database, and (2) testing a
suite of recruitment forecast methods on data-rich groundfish stocks.

The first chapter of this thesis characterized robustness of the findings in Szuwalski et
al. (2015), a previous meta-analysis of stock-recruitment drivers, to the addition of new
data. The primary influence of spawning biomass on recruitment was determined for 432
stocks. The results indicated that 57% of stocks did not have a significant correlation between
spawning biomass and recruitment over the observed biomasses. Environmental conditions
therefore played a larger role in recruitment variation than spawning biomass. This chapter
also examined the recruitment time series for regime shifts using three changepoint detec-
tion methods. The presence, location, and number of regime shifts in recruitment time series
was highly dependent on the detection method. Despite the sensitivity to the method used
to identify regime shifts, 46% of stocks without a significant correlation between spawning

biomass and recruitment are estimated to have experienced at least one regime shift as de-
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termined by the PELT algorithm.

The second chapter of this thesis tested six recruitment forecast methods: 1) Beverton-
Holt stock-recruitment relationship, 2) an autoregressive-1 function, 3) mean recruitment,
4) a hidden Markov sampling procedure, and 5) simplex projection, 6) a PELT changepoint
sampling procedure. These methods varied in operational use across regions and the level
of parameterization. Short- (1-year) and long-term (5-year) forecasts were generated using
a expanding window approach. The coverage probability of the inter-quartile range and the
mean absolute scaled error (MASE) of the predictions were used to evaluate the performance
of each method, and it was found there was no clear best recruitment forecast method across
all the stocks as different methods performed better depending on the forecast period (i.e.,
short vs long), management region, and stock characteristics. This is consistent with pre-
vious research (e.g., Van Beveren et al., 2021). Although it was not possible to determine
a single best method, evaluating stock characteristics and the desired forecast period can
provide some guidance on an appropriate method for the stocks evaluated.

This thesis demonstrates the challenges of modelling recruitment in stock assessments,
especially with respect to regime shifts. Current approaches to stock-recruitment modeling
often assume no large, sudden temporal variation, as would be observed under regime shifts
(Perélé et al., 2017). In the first chapter, it was found that a large proportion of the stocks
that were evaluated (46%) experienced at least one recruitment regime shift. The results sug-
gest that the number and location of regime shifts depends on the method. Further research
is needed to determine the most appropriate method for identifying regime shifts naively
(i.e., without prior suspected years for shifts), as there is no peer-reviewed study directly
comparing change point detection methods. The methods in chapter two that incorporated
regime shifts were not appropriate for all stocks that were evaluated. Forecast accuracy
depended on stock characteristics, particularly spawning biomass depletion and recruitment.
Inaccurate recruitment projections can have large impacts on the management of a stock,
especially when harvest control rules cannot account for abrupt shifts in biomass (A’'mar et

al., 2009; Szuwalski and Punt, 2013). Ideally, stock assessments would include recruitment
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forecast methods that are robust to changes in stock productivity, as regime shifts are likely

to increase with climate change.
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