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Sandeel Area 1 Recruitment Forecast 
Fishforecasts Forecast sheet 03-20181204 

Issued 04-12-2018. Valid through to 1-04-2019. 

Prepared by Mark R. Payne, DTU Aqua, Copenhagen, Denmark. 

This is the final forecast of the 2018 cohort strength for this stock and superceeds a previous preliminary 
version released via Twitter 13 Nov 2018. A forecast verification summary will be issued to coincide with 
the release of advice on this stock in early 2019. 

1. Forecast 

The forecast model suggests a low probability (20%) of the 2018 year class being low (in the lower third of 
the historically observed recruitment) (Figure 1). There is a 50% chance of this year class being high. 

 

Figure 1. Historical recruitment time series and forecast Time series of recruitment to this stock are shown 
based on the raw estimates from the ICES HAWG working group (green line) and after making corrections for the 
observed bias of the stock assessment methodology. The probabilities of the 2018 year class falling in each of the three 
terciles (high, medium or low recruitment) are plotted as horizontal bars. Tercile thresholds are based on the (bias 
corrected) values from the first 30 years of the time series (1983-2012 inclusive). 

2. Background 

Lesser sandeel (Ammodytes marinus) in the North Sea form the basis for a commercially important fishery, 
where they are used in the production of fishoil and fishmeal. The species lives on sandy banks distributed 
throughout the North Sea: while the adults are typically bound to a specific bank, larval sandeel are pelagic 
and drift between banks. Particle tracking studies (Christensen et al 2008) have characterised this 
connectivity pattern and form the basis for the definition of seven management units. The largest of these 
is Area 1, in the southern and south-western North Sea (Figure 2).  



2 / 7 
 

 

Figure 2. Sandeel areas and banks in the North Sea. Sandeel Area 1 is coloured with a pale pink colour and the 
boundary denoted by a red line. Sandeel banks are drawn as coloured polygons - those inside Area 1 are coloured red. 
Sandeel banks and boundaries of areas outside Area 1 are coloured grey 

Several studies have linked the recruitment of sandeel in Area 1 to both demographic and environmental 
parameters. Arnott and Ruxton (2002) documented a link between recruitment at age zero, and the number 
of juveniles in the same area of age 1 via competition: large numbers of juvenile sandeel lead to reduced 
survival of recruits. Other authors have also demonstrated a link to the environment, both in terms of the 
abundance of food species (Calanus finmarchicus, Temora longicornis) and temperatures (Apr-June average 
SST) (van Deurs et al 2009; Lindegren et al 2018). All of these manuscripts have also shown links to adult 
spawning stock biomass. Here we validate and operationalise this knowledge to produce a forecast of 
sandeel recruitment in Area 1 of the North Sea. 

3. Basis for the Forecast 

Table 1. Overview of the basis for the forecast. 

Component Description 

Biological model Statistical relationship between predictors and bias-corrected log-recruitment 

Environmental data 
set(s) 

NOAA OISST v2 AVHRR-ony product (also known as Reynolds SST). 
https://www.ncdc.noaa.gov/oisst 

Environmental 
variables 

Sea-surface temperature averaged by quarter on the Area 1 spawning grounds 
(Figure 2), covering both the two quarters prior to spawning of a year class and 
three quarters post-spawning. 

Environmental 
forecast method 

None. All environmental parameters are based on recent observations. 

Additional 
variables 

Demographic parameters of the stock, based on the most recent estimate from 
ICES, and bias corrected for retrospective assessment bias. 

Forecast lead time 2 months prior to the first official estimate of this year class strength from ICES. 

The predictors employed can be broken down as follows: 

• Sea surface temperatures 

https://www.ncdc.noaa.gov/oisst
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– P3 - Jul-Sep temperatures experienced by the adults prior to spawning 
– P4 - Oct-Dec temperatures experienced by the adults prior to / during spawning 
– Q1 - Jan-Mar temperature experienced during egg development 
– Q2 - Apr-Jun temperature experienced by larvae during pelagic drift phase 
– Q3 - Jul-Sep temperature experienced by post-settlement juveniles 

• Demographic parameters (as of 1 Jan) 
– logN1 - log of the numbers of juveniles (age 1) 
– logSumN - log of the total number of individuals in the population of Age 1 or greater 
– logTSB - log of the total stock biomass 
– logSSB - log of the spawnign stock biomass 

• Other variables 
– Year - Cohort year, included to allow time-variation in the mean productivity of the stock 

due to systematic shifts in other unquantified variables 

The forecast model is parameterised based on these explanatory varaibles by first fitting all models that 
can be created by including / excluding the set of 10 explanatory variables (i.e. 1024 models). The small-
sample corrected Akaike Information Criteria (AICc) for each model over the calibration period is 
converted to an Akaike weight within the ensemble and then used to weight the individual predictions 
from each model when operating in forecast mode. 

Log recruitment is used as the response variable, with an additive structure for each explanatory term. All 
demographic parameters, including recruitment, are bias corrected prior to their use in the model. The 
logSSB and Year variables are represented by spline smoothers, with the maximum degrees of freedom 
associated with each spline constrained to be three or less. The models are fit using the mgcv and MuMIn 
packages in R. 

The relative contribution of each explanatory variable to the model ensemble can be seen in Figure 3. 

 

Figure 3. Relative Variable Importance in the model ensemble The relative variable importance (defined on a 
scale between 0 and 1 of each explanatory variable is shown for the model ensemble incorporating all data ie 1983-
2017. These terms are however not constant, and can and do change over time. Terms fitted with a spline smoother 
are denoted by the s() term - all other terms are linear. 
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Probabilistic forecasts were generated by based on the predictive distributions generated by the fitted 
models. Continuous values of log-recruitment were converted to terciles (high, medium and low) based on 
the distribution of (bias-corrected) recruitment over the first 30 years (1983-2012) of the time series. 
Categorical forecasts were made by choosing the most likely value of the three terciles. 

4. Forecast Skill Assessment 

Forecast skill was assessed in a situation that directly mimics the operational useage of this forecast system. 
The available data was first truncated at a cut-off year (e.g. 2000) and the empirical model described above 
was parameterised using all data up to and including this year (calibration period). The predictors available 
in the remaining part of the time series (validation period) were then used to make predictions for each 
year class. The process was then repeated for cut-off years from 2000 to 2016. Forecast skill was then 
evaluated by comparing the predicted values with the true (bias-corrected) recruitment values as a function 
of lead time. 

Forecast skill was first evaluated by considering the number of times in which the model correctly predicts 
the recruitment category (i.e. high, medium or low recruitment). As a reference forecast, we choose random 
selection of each category with equal probability (i.e. 1/3). 

 

Figure 4. Skill assessment across all categories. The overall skill of the recruitment forecast system in 
predicting each of high, medium, and low recruitments is shown as a function of forcecast lead time. Model skill is 
represented as the proportion of times in which the model correctly predicts the recruitment category (red line). 
Points are marked according to the significance level of the result (NS=Non significant), relative to a reference 
forcast i.e. randomly choosing one of the three categories with equal probability: high significance levels indicates 
that the forecast model significantly outperforms the reference forecast at that lead time. The cutoff for the 90% 
significance level is also shown as a dashed line. Forecast lead time is defined relative to the terminal year of the 
stock assessment. 

This result shows that the forecast system significantly outperforms the reference forecast at the 95% level 
at leads one and two. 

It is also important to examine the forecast skill for each category, and its ability to correctly distinguish 
between the occurrence and absence of an event (and thus avoid false alarms). Forecast skill was therefore 
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also measured using the so-called True Skill Score, TSS (also known as the Peirce Skill Score). The metric 
ranges between +1 and -1, with a value of 0 corresponding to random guessing (Figure 5). 

 

Figure 5. Skill assessment by category. The skill of the recruitment forecast system in predicting each of high, 
medium, and low recruitments is shown as a function of forcecast lead time. Model skill is represented as the True 
(Peirce) Skill Score (TSS), which ranges between +1 and -1, and has a value of 1 for perfect skill, and 0 for random 
guessing (black dashed line). Forecast lead time is defined relative to the terminal year of the stock assessment. The 
95% confidence interval for the estimated skill score at each lead time is plotted as the area area. 

This result shows that our forecast system outperforms a reference forecast system at predicting high and 
low recruitments, but now at predicting medium recruitments. This should be bore in mind when 
interpreting the forecast. 

5. Quality Considerations 

The forecast model used here is developed and evaluated against stock assessment data that has been 
corrected for the biases inherent in these estimates. The magnitude and variability of such biases can be 
estimated based on an analysis of the analytical retrospective pattern of the stock-assessment model (Payne 
2019). This data is then used as the input to the forecasting model. However, it is important to note that the 
forecast made here is for the true (bias-corrected) recruitment in the ocean, rather than the value that will 
be generated by ICES (and subsequently used as the basis for scientific advice and management). The stock 
assessment typically over-estimates recruitment by a factor of around 80% in the terminal year, relative to 
the final converged value of the assessment, implying that the value returned by the assessment will be 
higher than that forecast here. 

The skill of this forecast model has been evaluated in a realistic setting over the period 2001-2017. However, 
good historical forecast performance does not guarantee future forecast performance, and forecast skill can 
and does change over time. On the other hand, this forecast is based on a model parameterised over the 
full time-series of available data, and its performance should therefore be better than other models in the 
forecast evaluation scheme. It is important to note, none-the-less, that the reliability of any forecast scheme 
can only be evaluated over several iterations of use. 

Various authors have highlighted the effect of C. finmarchicus and T. longicornis on recruitment to this 
species (van Deurs et al 2009; Lindegren et al 2018). However, it is not possible to include these variables 
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in the forecasts due to the lag between collecting these samples and when they are first made available. 
However, exploratory analyses based on the subset of the data for which these variables are available have 
shown that they do not make major contributions to the forecast skill. 

6. For More Information 

For more information, contact Mark R. Payne, DTU-Aqua, http://www.staff.dtu.dk/mpay. The latest 
version of this and other forecasts can be found on the website fishforecasts.dtu.dk Code used to generate 
this forecast is available from the WGS2D GitHub repository, https://github.com/ices-eg/wg_WGS2D in the 
directory “03_Sandeel_Recruitment_Forecast”. 
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8. Change Log 

• 20181204 Full forecast sheet developed, with minor tweaks to the forecast model (switching from 
HadISST to OISST, and focusing on the specific banks, rather than all of Area 1). 

• 20181113 Initial forecast for 2018 year class published via Twitter 
https://twitter.com/MarkPayneAtWork/status/1062287436586328065 
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sa/3.0/deed.en_US Basically, this means that you are free to “share” and “remix” for non-commercial 
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purposes as you see fit, so long as you “attribute” me for my contribution. Derivatives can be distributed 
under the same or similar license. 

This work comes with ABSOLUTELY NO WARRANTY or support. 
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