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Many marine fish species are widely distributed over large areas. Failing to acknowledge that such species may be composed of distinct
populations may result in overestimation of the stock’s true harvest potential. To avoid overexploitation, ways to identify population structuring
are therefore needed. In this study, we developed and applied a statistical approach to identify biologically relevant population boundaries for a
widely distributed marine fish species, European sprat (Sprattus sprattus). Specifically, we compiled and standardized multiple trawl-survey data
sets and used a range of statistical tools to assess whether the current management boundaries adequately account for potential population
structuring. Our results demonstrate regional differences in spatial abundance patterns, temporal dynamics and population demographics. These
findings are in line with recent genetic studies of sprat, indicating reproductive isolation between the Baltic Sea/Kattegat and a larger cluster
containing the North-, Irish-, Celtic Sea, and Bay of Biscay. Since relying on routinely collected survey data, our statistical approach can be a
cost-effective complement to population genetic methods for detecting population structuring. These can be used to guide spatial management
efforts and ensure sustainable exploitation, especially under climate change and the expected changes in species distributions across current

management borders.
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Introduction

Many marine and terrestrial species are widely distributed
over large areas, often spanning across boundaries of differ-
ent jurisdiction (Lascelles et al., 2014; Gervasi et al., 2019;
Nandintsetseg et al., 2019). The large distribution ranges are,
at least in part, due to their ability to actively migrate and/or
passively disperse over large distances (i.e. as seeds, eggs or
larvae) in pursuit of suitable habitats for feeding, survival
and reproduction. Despite their seemingly continuous distri-
bution across their range, many wide-ranging species are com-
prised of discrete populations, genetically separated from each
other by means of various physical, morphological, and be-
havioural barriers. However, many wide-ranging and com-
mercially exploited species are managed without considering
the existence of such population structuring. For example,
traditional fisheries management often relies on management
units (i.e. stocks) and stock assessments that assume large
and homogenously distributed populations, where manage-
ment units are usually defined by administrative or political
boundaries, rather than by biological processes (Stephenson,
1999; Reiss et al., 2009; Randon et al., 2018; Cadrin, 2020).
Failing to acknowledge that fish stocks may be composed of
distinct populations with independent dynamics and produc-
tivity may result in overestimation of the stocks’ true harvest
potential (Frank and Brickman, 2000; Sterner, 2007; Randon
et al., 2018; Cadrin, 2020). This may lead to unsustainable

exploitation patterns, particularly on smaller, less productive
stock components, eventually causing stock collapse (Svedang
et al., 2010; Ciannelli et al., 2013; Kerr et al., 2017). Ways to
identify population structuring are therefore critically needed
to inform spatially explicit management actions to ensure a
sustainable exploitation of distinct stock components.

The rapid development of molecular techniques to detect
genetic differentiation has shown great promise in identify-
ing signs of reproductive isolation between and within pop-
ulations. Such population structuring seem to occur even in
widely distributed marine fish species with large effective pop-
ulation sizes, high fecundity and few physical barriers hinder-
ing their migration or dispersal (Gaggiotti et al., 2009; Da-
longeville et al., 2018; Knutsen et al., 2018; Spies et al., 2018;
Hemmer-Hansen et al., 2019). However, detailed maps of the
spatial distributions of populations and the boundaries be-
tween them, as well as their seasonal and inter-annual vari-
ability, is currently only supported by the availability of ge-
netic data. The collection and analysis of genetic data have
until recently been considered too costly to undertake at high
spatial or temporal resolutions, despite the management im-
portance of characterising potential population structuring
(Martinsohn et al., 2019). Hence, developing complementary
approaches that rely on already available and routinely col-
lected monitoring data (used as standard input to existing
stock assessments) to identify population structuring and de-
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Figure 1. Map of the ICES management areas (polygons) and the current sprat management units (shaded polygons), as well as the positions of
sampling locations based on available long-term trawl-surveys (coloured sampled locations) throughout the area (see Table S1 for more details).

fine ecologically relevant management units is therefore of
general interest.

In this study, we demonstrate a statistical approach, based
on standard trawl-survey data used to generate abundance
indices applied in stock assessments, to identify and define
population structuring within a widely distributed marine fish
species, European sprat (Sprattus sprattus). Sprat is a fast-
growing, short-lived, small pelagic species with a large com-
mercial interest and a wide distribution range throughout
European seas. Large-scale genetic studies indicate the exis-
tence of reproductively isolated populations, broadly sepa-
rated along a pronounced environmental gradient spanning
from the Baltic Sea to the western entrance of the Mediter-
ranean (Berlow et al., 2004; Limborg et al., 2012; McKeown
et al.,2020; Quintela et al., 2020). However, the actual bound-
aries between populations are poorly defined, at least at the
finer spatial resolution needed for stock management. Within
the large geographic area covered by the International Coun-
cil for the Exploration of the Seas (ICES), sprat has tradi-
tionally been considered as belonging to five discrete man-
agement units (i.e. stocks), comprising the Baltic Sea, Skager-
rak/Kattegat, North Sea, the English Channel, and the Celtic
Seas (Figure 1). These units primarily reflect historic centres
of operation for main fisheries, rather than actual population
boundaries. To assess whether the current management units
adequately account for potential population structuring, we
aim to define ecologically relevant distributions and bound-
aries between populations by investigating spatial patterns in:
(i) abundance distributions, (ii) temporal population dynam-
ics and (iii) population demographics. On the basis of these
three criteria, we pursue the following research questions:

(i) Is there evidence for spatial structure in sprat abun-
dances that could indicate limited spatial overlap be-
tween potential populations?

(i) Do sprat show spatially varying temporal trends and
trajectories in abundances that could indicate different
population processes?

(iii) Does sprat size distribution vary spatially, indicating
different population demographics and/or phenology
of growth and recruitment?

Material and methods

Data collection

Scientific monitoring data of sprat abundances and distribu-
tion from seven bottom-trawl surveys covering the North Sea,
the Baltic Sea, the eastern English Channel, the Scottish west
coast, the Irish Sea, the Celtic Sea and the Bay of Biscay
(Figure 1) were extracted from the publically accessible data
base “DATRAS” hosted by ICES (https://datras.ices.dk; Table
S1). To ensure the best available spatio-temporal coverage, we
included all hauls sampled during the autumn-winter surveys
(i.e. carried out during the 1* and 4™ quarter of the calendar
year) for which monitoring is conducted throughout the en-
tire area. However, to account for potential seasonal changes
in spatial abundance distributions, particularly during the pri-
mary spawning season in spring and summer (Alheit, 1987),
we complemented the autumn-winter survey data with a sep-
arate analysis on the available spring and summer samples ob-
tained during cruises carried out in the 2nd and 3rd quarter.
After data extraction, the raw data (so-called “exchange data”
in DATRAS) was exposed to formal data quality checks in or-
der to omit invalid or erroneous records, as well as to ensure
comparable units (see section 1.1 in the supplementary mate-
rial for more details). We further corrected the abundance at
length for differences in swept area (see section 1.2 in the sup-
plementary material for more details) following the approach
by Maureaud et al. (2019). This resulted in catch-per-unit ef-
fort (CPUE) data expressed as number of individuals per km?
of a given length class per haul.

Data processing and standardization

We then standardized the CPUE data across surveys to correct
for differences in sampling intensity and coverage in space and
time. This was done by fitting a spatio-temporal index stan-
dardization model to the CPUE-at-length data from all sur-
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veys using the R-package VAST (Thorson and Barnett, 2017)
release number 3.5.1. This model has the advantage of predict-
ing (interpolating and extrapolating where necessary) density
across time and space within the entire survey domain. We
performed data standardization across surveys following the
current “best practice” guidelines for VAST (Thorson, 2019).
Specifically, we defined the spatial domain for this analysis by
overlaying a 10 km by 10 km square grid over the entire do-
main covered by the surveys and then retained any grid cell
that was within 30 km of the nearest sample. Visual inspec-
tion confirmed that this set of grid cells had continuous cov-
erage in spatial areas that contained samples while not ex-
tending beyond the range of data or onto land, and this was
used as the extent for interpolating and extrapolating mod-
elled densities for subsequent use. We then applied a k-means
algorithm to distribute 2000 “extrapolation cells” in propor-
tion to these grid cells and fitted a Poisson-link delta model
using a gamma distribution for positive catch rates (Thorson,
2018). This model involves estimating two log-linked linear
predictors p1 (i) and p; (i) for each sample i occurring in year
t; for length class ¢; at location s;. The first linear predictor is
specified as:

+ o (si,ci) +
~———
Spatial variation

*
&7 (siy cis i)
———

Spatio—temporal variation

p1 (1) = PBilciti)
——

Temporal variation

where B1(c;, ;) is a matrix of fixed-effect intercepts for each
combination of length-class and year, wj(s;, ¢;) is the value
of Guassian markov random field (GMRF) w7 (c) represent-
ing the average spatial distribution for each length-class, and
€(si, ci, t;) is the value of GMRFs €7 (c, t) representing an-
nual deviations from this spatial distribution (termed “spatio-
temporal variation”) for each length-class and year. The sec-
ond linear predictor p, (i) is defined similarly but involves ad-
ditional fixed and random effects. The predictors are then
back transformed to calculate the likelihood of encounters
and the expected number for each length group given that
it is encountered (see section 1.3 in the supplementary ma-
terial for more information regarding computational details
and interpretation).

We estimated spatial and spatio-temporal random fields for
both linear predictors at each of 200 “knots” that are selected
by applying a k-means algorithm to the 2000 extrapolation
cells. We subsequently used bilinear interpolation to predict
the value of random fields at the 2000 extrapolation-cells
or the location of each sample given their estimated values
at the 200 knots. Although VAST has been shown to be
robust to the choice of the number of knots (Thorson et al.,
2021), we performed an additional sensitivity analysis by
re-running the entire analysis based also on 300 knots. Please
note that we do not estimate any correlation in spatial or
spatio-temporal terms among length classes, and also do not
estimate any temporal smoothing. This specification ensures
that the model does not induce any estimation covariance in
predicted density among classes for a given year, or among
years for a given class.

VAST uses R-INLA to calculate the triangulated mesh used
in the stochastic partial differential equation (SPDE) approach
to approximate the probability of random fields (Lindgren et
al., 2011), and also to calculate matrices implementing bilin-
ear interpolation (Lindgren, 2012). VAST then uses the Tem-
plate Model Builder (TMB) package (Kristensen et al., 2016)
to implement Laplace approximation (Skaug and Fournier,

2006) to approximate the marginal likelihood of fixed-effects
when integrating across random effects (in this case, spatial
and spatio-temporal random fields). TMB also provides the
gradient of this marginal likelihood with respect to fixed ef-
fects (e.g. intercepts and variance parameters), and VAST then
uses a conventional nonlinear minimizer to identify the values
that maximize the log-marginal likelihood. We check conver-
gence by confirming that the gradient of the log-marginal like-
lihood with respect to each fixed effect is low (<0.0001 for
base and sensitivity runs), and that the Hessian matrix is pos-
itive definite. The estimation performance of VAST has been
extensively tested elsewhere when fitted to independent oper-
ating models (i.e. “cross-tested”) and compared with alterna-
tive regression frameworks (Griiss ef al., 2019; Brodie et al.,
2020). Using this framework, we separately model density for
14 length classes across the entire area, including each interval
from 4 to 16 cm, as well as two length classes encompassing
the few individuals caught that were smaller or larger than 4
and 16 c¢m, respectively. Finally, the predicted numerical den-
sity by length class derived from VAST were aggregated across
a regularly spaced spatial grid with a cell resolution of 0.5°.
We then sum numerical density estimates across length classes
to calculate the estimate of total abundance in each grid cell
and year (hereafter called “standardized abundance”). To test
for potential spatial differences in population demographics
throughout the area, we also calculated the mean length (in
units ¢cm) in each grid cell across years, weighted by the nu-
merical density in each length class.

We acknowledge that even after performing a proper data
standardization across surveys and years, the bottom trawl-
ing gears are not adequately sampling pelagic species, includ-
ing sprat. Hence, the estimated numerical densities are likely
underestimating the true densities due to the effects of gear
catchability and selectivity (Walker ez al., 2017). However,
bottom trawl surveys are routinely used as tuning fleets in the
formal stock assessments for sprat and have shown to per-
form equally well compared to hydroacoustic surveys (ICES,
2018; ICES, 2021). Furthermore, spatial distribution patterns
of sprat based on bottom-trawl surveys (ICES, 2005) are sim-
ilar to commercial catches from pelagic trawlers (ICES, 2021)
and available ichthyoplankton surveys (Taylor ez al., 2007).
To that end, we are confident that our model estimates derived
from VAST provide standardized relative abundance measures
across the entire area and time frame suitable for the purpose
of this study.

Differences in spatial distributions of abundance

To investigate and characterize potential population structur-
ing based on spatio-temporal abundance distributions, we cal-
culated the median and coefficient of variation (CV) in stan-
dardized abundances for each grid cell across all years ranging
from 1997 to 2019. We interpret grid cells with high median
abundance and low interannual CV as representing a core
area for a population. Conversely, grid cells with other combi-
nations of medians and CVs represent areas outside the core
distribution; for example, areas outside the distribution range
(low median, low CV) or transition areas with occasional oc-
cupancy (low median, high CV). To account for potential sea-
sonal changes in migration and distributions, the analysis was
performed on both the autumn-winter and spring-summer
abundances predicted from VAST. The abundances were log
transformed prior to the analysis to stabilize the variance and
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to avoid potential biases originating from hauls with extreme
values.

Differences in temporal population dynamics

In addition to showing discrete spatial abundance distribu-
tions, distinct populations should demonstrate independent
dynamics, caused by limited immigration and emigration be-
tween populations, i.e. indicating a lack of meta-population
dynamics (Kritzer and Sale, 2004). However, discrete popula-
tions may show correlated abundance trends simply resulting
from similar responses to some underlying large-scale driver,
as previously shown for discrete sardine and anchovy popu-
lations across upwelling areas of the world (Schwartzlose et
al., 1999; Lindegren et al., 2013). Consequently, one should
be cautious against correlated population dynamics resulting
from such external forcing as it may mask the existence of
reproductively isolated stock components. To investigate po-
tential differences in population dynamics across the area, we
extracted the main modes of variability in time series of log-
abundances for each grid cell from 1997 to 2019. To do so, we
calculated the covariance matrix containing the covariance
between the log-abundance across time for each pair of grid
cells, then applied Principal Component Analysis (PCA) to
this covariance matrix, and mapped the resulting loadings (i.e.
eigenvector values) per grid cell on the Principal Components
(PCs) that explained the largest part of the total variability.
The resulting maps show grid cells with correlated or uncor-
related trends and temporal trajectories for each PC axis in-
cluded. Because the abundance trajectories are highly variable,
particularly in areas outside the main distribution range that
are infrequently occupied by sprat, the derived PC scores and
loadings are rather prone to such variability and noise. There-
fore, we additionally investigated the long-term abundance
trends in each grid cell by fitting linear regression models with
log-abundance as a response and year as a single predictor and
extracted the corresponding slopes as an alternative metric of
temporal changes across the area. As in the previous analysis
on abundance distributions, the PCA and linear trend analysis
were performed and estimated on both the autumn—-winter
and spring—summer abundances derived from VAST.

Differences in population demographics

We calculated a time-series of mean length for each grid cell
to compare temporal trends and changes in size throughout
the area from 1997 to 2019. As in the previous analysis on
abundance trends, we extracted the main modes of variability
in mean length using PCA and mapped the resulting loadings
per grid cell on the main PCs explaining the largest part of the
total variability. Likewise, we investigated temporal trends by
fitting linear regression models with mean length as a response
and year as a single predictor and extracted the corresponding
slopes for each grid cell. As in the previous analysis, the PCA
and linear trends were performed and estimated on both the
autumn-winter and spring-summer abundances derived from

VAST.

Detecting potential sub-stock structuring through
spatial clustering

To detect potential signals of population structuring through-
out the area, we finally performed hierarchical clustering
based on six variables representing each of the three criteria
defined earlier: differences in abundance distributions (median
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and CV of log-abundance), temporal dynamics (trend and
first mode of variability in log-abundance), and demographics
(trend and first mode of variability in average length). To test
the robustness of results to the choice of input variables, while
avoiding bias caused by the inclusion of multiple variables
representing similar characteristics, we performed two sepa-
rate analyses. Both use the median and CV of abundances and
weighted mean length as input, but alternatively include either
(i) the PC loadings or (ii) the linear slopes of abundances and
length trajectories by grid cell as proxies for temporal develop-
ments. To account for spatial distances (and to limit the extent
to which geographically far apart grid cells are being clustered
together), we also included pair-wise spatial distances between
grid cells, estimated as the shortest path through the water be-
tween grid cell midpoints (using the costDistance function in
the R package “gdistance”). However, since we are primarily
interested in patterns arising from ecological differences, we
decreased the importance of spatial distances in the clustering
analysis relative to the ecological variables by down weight-
ing its contribution in the overall dissimilarity matrix calcu-
lation (by applying a weighting factor of 0.05 using the fuse
function in the R package “analogue,” Simpson and Oksa-
nen, 2021). Despite the minor importance given to the spatial
distances, we also performed an additional analysis excluding
spatial distances to formally test the sensitivity of clustering
results to the inclusion or excluding of spatial distances.

The optimal number of clusters for each analysis was de-
termined using the elbow criteria (a.k.a. a “skree plot”): the
number of clusters where the degree of unexplained vari-
ation changes only marginally if increasing the number of
clusters. Additionally, we also cut the resulting dendrograms
into two or four groups and plotted the resulting clusters
to illustrate and present the results of clustering and poten-
tial population structuring across a range of clusters. We il-
lustrated differences between clusters for each of the three
criteria of population structuring by comparing the mean
and standard deviation for all variables across grid cells
belonging to the same cluster. Finally, we also performed
an additional clustering analysis on the available spring-
summer data, albeit on a much more narrow area (due to
the lack of survey), to demonstrate potential differences and
similarities of population structuring between seasons. All
statistical analyses were conducted in the R software, version
4.0.2 (R core Team, 2020).

Results

Differences in spatial abundance distributions

The derived spatial abundance distributions show that sprat
is found in high median numbers throughout most of the sur-
veyed area (Figure 2a). Specifically, the Irish Sea, the central
part of the southern North Sea, the Kattegat and the Baltic
Sea (particularly the southern and the western part bordering
Sweden) demonstrate high median abundance and low CVs,
indicating that these are areas with consistently high numbers
of individuals. Places where median abundance was lower in-
clude the deeper and offshore parts of the northern North
Sea, West of Scotland, and Ireland, as well as the Celtic Sea
and Bay of Biscay. These areas, especially the northern North
Sea, are also characterized by a high CV (Figure 2b), indicat-
ing that the presence and abundance of sprat in these wa-
ters is both low and highly infrequent. The modelled abun-
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Figure 2. Spatial distribution of median (a) and coefficient of variation, CV (b) of log(abundance) across years in each 0.5° grid cell based on available
autumn-winter data. Likewise, loadings on PC1 (c) and fitted linear trends (d) based on time-series of log(abundance) in each grid cell, as well as the
abundance-weighted mean length (e) and loadings on PC1 (f) based on time series of mean length are shown in each grid cell. (See Figure S1 for similar

maps based on available spring-summer data).

dance estimates show similar spatial patterns for the spring-
summer (spawning season), indicated by high median abun-
dances and low CVs in the central southern North Sea and
Kattegat (Figure Sla, b), but with a somewhat more con-
tracted distribution relative to the estimated autumn-winter
distribution. However, the fewer surveys and samples avail-
able during the spring-summer (spawning) season preclude a
full comparison of spatial abundance patterns throughout the
entire area.

Differences in temporal population dynamics

The PCA analysis of abundance trajectories shows a high de-
gree of the total variance in log-abundance (~40%) explained
solely by PC1 (Figure S2a), which demonstrates highly vari-
able dynamics with a marked increasing trend from the mid-
2000s onwards (Figure S2b). The corresponding loadings,
demonstrating the correlation between PC1 and the individ-
ual abundance trajectories in each grid cell, show primarily
positive values throughout the area (Figure 2¢). However, re-
stricted areas in the Kattegat, western Baltic Sea, the south-

western North Sea as well as coastal areas in the Celtic Sea
and Bay of Biscay, demonstrate weak or only slightly neg-
ative loadings, indicating abundance trajectories largely dif-
ferent from PC1. The linear trend analysis shows primarily
positive slopes, indicating long-term increasing abundances
throughout the area (Figure 2d), except for restricted areas in
the southern Baltic Sea, North of Scotland and the southern
coast of Ireland. Although limited in spatial extent, the PCA
carried out on the available abundance estimates from spring-
summer surveys show a similar high degree of explained vari-
ance (~60%) solely by PC1 (Figure S2c¢). The corresponding
loadings on PC1, characterized by pronounced inter-annual
variability and a slightly increasing trend from 2010 onwards
(Figure S2d), show positive values primarily in the northern
North Sea, while the Kattegat and the central parts of the
southern North Sea demonstrate no or weakly negative load-
ings (Figure S1c). Furthermore, the trend analysis shows weak
or moderately positive values throughout most of the area
(Figure S1d), except for the southern part of Kattegat and
south-western North Sea showing a more pronounced long-
term increase.
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Figure 3. Results of hierarchical clustering illustrating potential population structuring across a range of clusters when cutting the resulting dendrograms
into 2 (a, b) or 4 (c, d) groups. Both analyses use the median and coefficient of variation (CV) of abundances and weighted mean length as input, but
alternatively include the PC loadings (left column) or the linear slopes of abundances and length trajectories (right column) by grid cell as proxies for
temporal trends. Please note that the optimal number of clusters were four (c, d) regardless of the choice of input variables (e.g. comparing with

Figure S5).

Differences in population demographics

Spatial patterns in mean abundance-weighted length show
smaller average sizes (~9 cm) in the southern North Sea, the
Irish Sea and west coast of Ireland compared to other areas
(Figure 2e) where values are higher (~11 c¢m). The spatial
differences in mean length are also manifested during spring-
summer, where estimates show higher values in the Kattegat
compared to the southern North Sea (Figure Sle). The PCA
analysis of length trajectories show a rather high degree of
the total variance in average-length explained (~50%) solely
by PC1 (Figure S3a), demonstrating highly variable dynamics
with no apparent long-term trend in length (Figure S3b). The
corresponding loadings on PC1 show primarily negative val-
ues throughout the area (Figure 2f), with the southern Baltic
Sea, the south coast of Ireland and the northeast coast of Scot-
land showing loadings closer to zero. The lack of a tempo-
ral trend is also evident from the trend analysis demonstrat-
ing fitted regression coefficients close to, or slightly less than
zero across grid cells (Figure S4a). The PCA performed on the
available spring-summer data show a high degree of explained
variance (~90%) explained by PC1 (Figure S3c), character-
ized by highly variable dynamics without a long-term trend

(Figure S3d). The corresponding loadings on PC1 show pri-
marily positive values throughout the area, especially in the
northern North Sea. Finally, the lack of a temporal trend in
PC1 is also evident from the trend analysis demonstrating fit-
ted regression coefficients close to zero, except for Kattegat
showing weakly positive values (Figure S4b).

Hierarchical clustering

Hierarchical clustering distinguished four primary clusters,
representing potential population structuring, regardless of
the choice of input variables. This was determined by the el-
bow criteria and illustrated by a sharp drop in the residual
sum of squares up until four groups using either PC loadings
or the fitted regression coefficients from the trend analysis as
input (Figure S5a, b). The primary classification (i.e. the first
split in the dendrograms in both analyses) separate the north-
ern North Sea, north-western Scotland and Ireland and the
offshore areas of the Celtic Sea and Bay of Biscay from the
Baltic Sea, southern North Sea, Irish Sea and the coastal wa-
ters around UK, Ireland and the Bay of Biscay (Figure 3a,b).In
the second classification the latter group mentioned above is
further sub-divided by separating the Baltic Sea and Kattegat
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Statistical approach for identifying population structuring of marine fish species 7

from the other areas (Figure 3¢, d). There is good agreement in
terms of the spatial divide between clusters in both analyses,
as well as the additional clustering analysis using the available
spring-summer data (Figure S6). Finally, the clustering results
were insensitive to the inclusion of spatial distances (i.e. the
shortest path through the water), or the choice of the number
of knots since the primary and secondary classifications into
two or four overall clusters were almost identical if based on
only ecological distances (Figure S7), or using 300 knots as a
basis for the data processing and analysis (Figure S8).

Discussion

The rapid development of genetic techniques for identifying
signs of reproductive isolation have proven effective to de-
tect population structuring, even among widely distributed
marine fish species (Dalongeville et al., 2018; Knutsen et al.,
2018; Spies et al., 2018; Hemmer-Hansen et al., 2019). How-
ever, using these techniques for several species to conduct de-
tailed mapping of the actual boundaries between populations,
as well as their seasonal and inter-annual variability would be
time consuming and costly (Martinsohn e al., 2019). Hence,
a complementary and cost-effective approach used alongside
genetics is needed to identify population structuring and to in-
form appropriate spatial management measures. In this study,
we demonstrate a statistical approach that relies on routinely
collected monitoring data to assess and identify potential pop-
ulation structuring for widely distributed marine fish species,
using European sprat as a case study. Our results indicate po-
tential signs of population structuring of sprat within northern
European seas based on our three criteria: spatial patterns of
relative abundances, temporal dynamics, and demographics.
Although investigating the underlying drivers and processes
responsible for such regional differences are beyond the scope
of our study, we discuss our findings in relation to existing
literature and evidence from population genetics, and discuss
the broader implications of our results and approach for man-
agement and advice.

The four overall spatial clusters identified by our analysis
largely distinguish between shallow and coastal areas where
sprat is numerous and consistently occurs (i.e. Baltic Sea, Kat-
tegat, southern North Sea, Irish Sea, and the coastal areas of
the Celtic Sea and Bay of Biscay), and offshore areas where
occurrence is sporadic and highly variable in terms of num-
bers of individuals between years. For the sake of clarity,
we henceforth refer to these clusters (including their corre-
sponding colours in Figures 3 and 4) as follows: the north-
ern North Sea/Scotland (“NSS”; blue), the Celtic Sea offshore
(“CSO”; green), the Baltic Sea/Kattegat (“BSK”; purple), and
the Irish/Celtic/North Sea (“ICN”; red). The differences be-
tween these clusters is clearly illustrated by the pronounced
differences in median abundances and CVs between clusters
situated largely within (BSK and ICN) or outside (NSS and
CSO) the primary distribution area of sprat (Figure 4a and
b). These differences in turn reflect the habitat requirements
of sprat, which prefer coastal areas with strong tidal mixing
and freshwater input (Munk, 1993; Valenzuela and Vargas,
2002; Daewel et al., 2008). The spatial heterogeneity is likely
due to a combination of external and internal factors affecting
the reproduction, growth, and survival of individuals. These
factors include both environmental constraints (e.g. in terms
of temperature, salinity and oxygen), biotic factors (e.g. avail-
ability of food, predators and competitors) and human im-

pacts from fishing, that all vary in both space and time. We
therefore encourage future studies to make use of the avail-
able data and statistical tools, including species distribution
models (Melo-Merino et al., 2020) to investigate the spatio-
temporal variability of occurrence and abundance and their
underlying drivers.

The heterogeneous abundance distributions presented here
illustrate several centres of distribution with limited or no spa-
tial overlap. However, such aggregations may, on their own,
not necessarily evidence the existence of population structur-
ing. This is because dispersal, either due to the passive advec-
tion of early life stages (i.e. eggs and larvae) or through active
migration of adults, can lead to population mixing. The out-
come of such mixing across habitats and areas will inevitably
serve to harmonize population dynamics and demographic
structure (i.e. size distribution, age distribution and growth),
especially if accompanied by reproductive mixing (i.e. gene
flow). Such dispersal and mixing, even between seemingly sep-
arate aggregations, may therefore lead to the formation of
meta-population structuring (Kritzer and Sale, 2004; Linde-
gren et al., 2014). Consequently, exploring these other popu-
lation properties, as well as potential signs of genetic differen-
tiation, is needed to robustly identify population structuring.

In terms of population dynamics, the four spatially ex-
plicit clusters identified in our analysis all demonstrate posi-
tive loadings on PC1, yet the strength of loadings differ be-
tween clusters (Figure 4c). This is particularly evident be-
tween clusters situated within the main distribution area iden-
tified in this study (i.e. BSK and ICN clusters) that show gen-
erally weaker loadings compared to areas outside (i.e. NSS
and CSO clusters). This means that while the abundance
trajectories of grid cells are correlated, albeit weakly to the
dominant mode of variability (i.e. PC1), the actual tempo-
ral dynamics differ. This is illustrated by pronounced dif-
ferences in the mean abundance time-series between clusters
(Figure 4d), where the clusters within or outside the main dis-
tribution area (i.e. BSK/ICN vs NSS/CSO, respectively) show
different trajectories. This is also the case between the two
clusters within the main distribution area (NSS and CSO)
that both demonstrate similar loadings and long-term in-
creasing trends but largely different inter-annual variability.
The similar trends are likely due to the same positive di-
rect or indirect response of sprat recruitment (i.e. in terms
of increased egg production and early life survival) to tem-
perature (MacKenzie and Koster, 2004; Nissling, 2004; Bau-
mann et al., 2006), which has increased throughout the area
(Belkin, 2009). Such correlated dynamics arising from similar
responses to climate have previously been shown for discrete
sardine and anchovy populations across upwelling areas of
the world (Schwartzlose et al., 1999). Conversely, the differ-
ent inter-annual variability between clusters may arise from
regional differences in other underlying processes directly
or indirectly influencing reproduction, growth, and survival.
These processes likely encompass a combination of top-down
and bottom-up forces known to affect the dynamics of small
pelagic fish, including regional differences in: (i) prey composi-
tion and availability (Last, 1987); (ii) the presence of predators
and strength of predation (Lindegren et al., 2011; Bartolino
et al., 2014); (iii) spatio-temporal differences in fishing effort
(Essington ef al., 2015); and (iv) differences in the degree of
density-dependence (Casini et al., 2011; Hunter et al., 2019;
Lindegren et al., 2020) and inter-specific competition from
other small pelagic fish (Casini et al., 2004; Lindegren et al.,
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Figure 4. Boxplots showing median (a) and CVs (b) of log(abundances) across grid cells belonging to each of the four optimal clusters identified in both
analyses. The colours correspond to clusters shown in Figure 3c, d where the lighter and darker shades reflect the analysis using PC1 loadings or
temporal trends as input, respectively. Likewise, loadings on PC1 based on log(abundance) time-series (c), mean long-term abundance trends (d), mean
lengths (e), the size distribution (f), as well as the PC1 loadings of length time-series (g) and the mean temporal developments in length (h) are shown for

each cluster and analysis.

2011; Raab et al., 2012). Consequently, future studies should
strive to better understand the effect and relative importance
of these factors underpinning the variation in sprat population
dynamics throughout European seas.

Finally, the regional differences in underlying processes af-
fecting recruitment, growth and survival may also explain the
observed spatial differences in terms of population demogra-
phy; our third criteria of population structuring. This is illus-
trated by different weighted mean length, as well as length dis-
tributions between clusters (Figure 4e, f), especially between
the two clusters in the main distribution area of sprat, where

grid cells within the Baltic Sea/Kattegat cluster show a signif-
icantly higher mean length and a size distribution shifted to-
wards larger individuals. Whether these patterns are primarily
due to differences in growth (e.g. size at age) or size-dependent
survival caused by regional differences in predation and com-
mercial fishing is unclear, partly due to the limited availability
of age data across all surveys. Nevertheless, some regional dif-
ferences in length-at-age have previously been documented be-
tween the southern and northern North Sea, as well as waters
West of Scotland (Hunter ez al., 2019), supporting regional
differences in growth as a plausible explanation.
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Alternatively, potential differences in survey catchability
by length group may bias the length distribution and con-
sequently our perception of the true population demography
and its spatial variability (Walker et al., 2017). Such differ-
ences should primarily bias the abundance of smaller-sized
individuals since juveniles are poorly sampled both due to
their small size and prevalence in shallow and coastal nurs-
ery areas that are poorly covered by the surveys. Hence, if a
consistent bias between surveys or areas exist (all else being
equal), it should mainly be reflected in the shape of the lower
tail of the length distribution (e.g. left-hand side of Figure
4f), while the upper tail should be unaffected and similar be-
tween areas and surveys. Since differences in the length dis-
tribution between the Baltic Sea/Kattegat versus the North-
rish-/Celtic Sea/Bay of Biscay cluster are occurring in both
the lower and upper tail (i.e. reflecting a consistent shift to-
wards larger sizes), the differences are unlikely due to such a
potential survey bias. Nevertheless, we call for further studies
examining the influence of key life-history characteristics (i.e.
growth, reproduction, maturation, and survival) and their un-
derlying drivers on population demography, as well as poten-
tial differences in survey catchability of sprat and small pelagic
fish in general caused by differences in gears, habitats and fish
behaviour, notably diel vertical migrations (Cardinale et al.,
2003).

From a methodological point of view, we also recommend
future research and developments of statistical approaches
that can simultaneously standardize data and apply PCA or
estimate spatially varying temporal trends (Barnett et al.,
2021; Griiss et al., 2021), while properly accounting for the
propagation of uncertainty. In our case, model uncertainty
may primarily underestimate the reported CVs of abundances
(Figure 2b), while the other metrics that rely on median abun-
dances (summed over length groups), trends or PCA loadings
(based on annual average abundances summed over length
groups), or lengths (weighted by abundances) should be only
marginally affected by the underlying model uncertainty, espe-
cially at the rather coarse spatial resolution used in our study.
Nevertheless, we encourage future comparisons between the
present approach to spatial clustering and previously applied
approaches including the “Regions of Common Profile” (RCP;
Hill et al., 2017), Hierarchical Modelling of Species Com-
munities, HMSC (Ovaskainen et al., 2017) or tensor decom-
position (Frelat et al., 2017). To the best of our knowledge,
RCP has been applied to identify biogeographic classifications
using multivariate information, but it has not been applied
to identify areas with similar temporal dynamics. Similarly,
HMSC has previously been used to emphasize spatial differ-
ences in species traits rather than temporal dynamics as em-
phasized here. In any case, we anticipate there to be many
fruitful avenues exploring and comparing multiple methods
and their utility in studying the patterns and underlying pro-
cesses leading to population structuring.

In summary, our approach has identified potential signs
of population structuring of sprat in European waters, il-
lustrated by differences in spatial abundance patterns, tem-
poral dynamics, and population demographics between re-
gional clusters. Our findings are well in line with the most
recent population genetic studies of sprat (McKeown et al.,
2020; Quintela et al., 2020), indicating reproductive isola-
tion between the Baltic Sea and a larger cluster containing
the North Sea, Celtic Sea, and Bay of Biscay (hence corre-
sponding to the BSK and ICN clusters identified here). The

similarity in the overall clusters and signs of population struc-
turing defined also by genetics supports the robustness of our
results, as well as the complementary use and added value of
our statistical approach alongside population genetics to de-
tect the existence of discrete populations and their associated
boundaries. This is particularly relevant in areas and species
where monitoring data are in place but where genetic data
are lacking or have inadequate sampling and spatio-temporal
coverage.

Our findings largely support the recent revision of man-
agement units of sprat within ICES (ICES, 2018), particularly
merging previously separate assessment units in the North Sea
and Skagerrak/Kattegat. However, we recommend that future
scientific research and evaluation of population boundaries
pay attention to the occurrence and potential mixing with the
Baltic Sea sprat component, especially in the southern and cen-
tral parts of the Kattegat. This should be done to avoid spatial
allocation of catches leading to an unsustainable level of ex-
ploitation affecting the Baltic Sea population in this area. The
same degree of caution (when deciding on the spatial alloca-
tion of quotas) is generally applicable throughout the ICES do-
main and beyond, where mixing between reproductively iso-
lated populations takes place. Notably, specific consideration
should be given to the sprat management units in the English
Channel and Celtic Sea. These units are currently assessed and
managed separately, but according to our analysis and recent
population genetics (McKeown et al., 2020; Quintela et al.,
2020), likely belong to a large, demographically connected
cluster that also includes the North Sea and Bay of Biscay.
If these units are to be merged and assessed jointly together
with the North Sea and Bay of Biscay, spatial management and
advice should account for the occurrence of potential popu-
lation structuring within this large area. Even if finer popu-
lation structuring in the North Sea—Channel-Biscay area was
not detectable (or deemed statistically optimal) in our broad-
scale analysis, it is still possible that fine-scale demographic
structures exist within the area. Consequently, increasing ef-
forts to increase the coverage and intensity of sampling, as
well as reporting of all key parameters (including swept area
estimates) within this area is needed, particularly in the west-
ern English Channel where comparable surveys are entirely
missing.

Population structuring is common among marine fish
stocks worldwide (Dalongeville et al., 2018; Knutsen et al.,
2018; Spies et al., 2018; Hemmer-Hansen et al., 2019), but
is often overlooked within traditional fisheries management
(Stephenson, 1999; Reiss et al., 2009; Sveding et al., 2010;
Randon et al.,, 2018; Cadrin, 2020). Such reproductively
isolated local populations do exist for sprat and for other
widespread small pelagic fish species (Wright et al., 2019;
Huret et al., 2020; McKeown et al., 2020; Quintela et al.,
2020). Evidence of population structuring should therefore be
given due consideration to ensure sustainable exploitation and
management approaches, especially under the looming threat
of climate change causing shifts in distributions across current
management boundaries (Baudron et al., 2020; Maureaud et
al.,2021).

Supplementary Data

Supplementary material is available at the ICESJMS online
version of the manuscript.
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