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An exploration of the southern North Sea: investigating the spatiotemporal 
distribution of demersal fish species using scientific beam trawl surveys 
 
Manu Claessens 
 

Abstract 
 
Discards form a large proportion of fishery catches worldwide and are widely regarded as a waste of valuable 
biological resources. Measures to reduce fishery discards include (1) direct fishing effort restrictions through 
input control, (2) gear-based measures, (3) discard utilisation and (4) spatial measures. Within the framework 
of spatial measures, the spatiotemporal distribution of demersal fish communities in the southern North Sea 
was analysed and compared to patterns of species richness, diversity and evenness and environmental 
variables. Using the ICES DATRAS database, a multivariate analysis was carried out to identify recurrent 
species assemblages and a multinomial logistic regression was performed to link those clusters to a selection 
of environmental variables. A general east-west pattern of fish communities was found, with European plaice 
(Pleuronectes platessa) and common dab (Limanda limanda) characterising clusters in the east and common 
sole (Solea solea) and small-spotted catshark (Scyliorhinus canicula) dominating clusters in the west. 
Differentiating between marketable and undersized commercial fish species proved feasible and allows for a 
more detailed analysis of the distribution of commercially important fish species. All environmental variables 
under consideration contributed significantly to assigning sampling stations to the identified clusters. 

 
Introduction 
 
 Discards and bycatch 

 
Fisheries around the word catch a wide variety of fish 
species, but only a few of those species have a high 
economic value (Cotter et al. 2002, Catchpole et al. 
2005, FAO. 2018). Many other species are 
considered as bycatch, including but not limited to 
highly vulnerable fish species (Davies et al. 2009). In 
fisheries, ‘discards’ refer to incidental catches of 
undesirable size or age classes of the target species 
or to the incidental take of non-target species (FAO 
2019). The latter are also referred to as bycatch 
species (e.g. epibenthic invertebrates and non-
commercial fish). When released, the animals can be 
unharmed, injured or killed (Depestele et al. 2014). 
The lack of economic value is the main reason for 
discarding bycatch species (FAO 2005, Catchpole and 
Gray 2010). Discarding of target species can occur for 
reasons related to fishing regulations (e.g. if the 
fisher holds insufficient quota for the species) 
(Bellido et al. 2011). Economic reasons can also 
affect discarding behaviour. Differences in marketing 
prices of different species, price-classes or limited 
storage space may lead to so-called high-grading, a 
phenomenon where less valuable species and size-

classes are discarded to leave space for the more 
valuable catch (Punt et al. 2006, Batsleer et al. 2015). 
Finally, damaged or degraded catch are also reasons 
for discarding (Bellido et al. 2011, MacDonald et al. 
2014). 
Discards form a large percentage of the catch: about 
one-third of the total weight landed and one-tenth 
of the estimated total biomass of fish in the North 
Sea is discarded back into the sea on an annual basis 
(Catchpole et al. 2005). About 60 to 70% of the 
discarded material are roundfish and flatfish species; 
the remainders are invertebrates, elasmobranchs 
and others (Garthe et al. 1996, Tasker et al. 2000, 
Catchpole et al. 2005). The proportion of discards 
depends on the fishing gear. Otter trawlers targeting 
Norway lobster (Nephrops norvegicus) have an 
estimated discard rate of between 45% and 59% 
(Evans et al. 1994, Catchpole et al. 2005), while 
discard proportions in the roundfish otter trawl 
fishery are estimated at 20-48% for Atlantic cod 
(Gadus morhua), 30-41% for haddock 
(Melanogrammus aeglefinus) and 51-65% for 
whiting (Merlangius merlangus) (Cotter et al. 2002). 
Discard rates of beam trawlers in the seas around 
southwest England are as high as 71% (FAO 2005, 
Wade et al. 2009). 
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From a management perspective, discarding causes 
a loss of potential income inhibiting potential growth 
and contribution to stock replacement when small 
and/or juvenile commercial fish are caught and 
killed. For depleted stocks, discards are considered a 
serious hindrance to rebuilding (Catchpole et al. 
2005). From an ecosystem perspective, the effect of 
discarding is more complex and consists of the direct 
effect of discard mortality, which leads to a potential 
reduction in species diversity, a widespread change 
in predator-prey interactions and a change in the 
relative abundance of species and the indirect 
effects of population growth in species that feed on 
discards (discard scavengers), such as swimming 
crabs, hermit crabs and starfish (Bergman and 
Lindeboom 1999, Catchpole et al. 2005, Depestele et 
al. 2019). 
 

 Measures to reduce discards 
 
High discard levels inhibit the sustainable use of 
marine resources. Several international agreements 
promote the development and implementation of 
technologies and operational methods to reduce 
discards. Any measures that aim to nullify or reduce 
the incentive to discard are deemed valuable. For 
European North Sea demersal fisheries, the 
following management measures have been 
considered (Catchpole et al. 2005, Catchpole and 
Gray 2010): (1) direct fishing effort restrictions 
through input control, (2) gear-based measures, (3) 
discard utilisation and (4) spatial measures. 
A first category of management measures aims to 
reduce fishing effort. A good example are efforts to 
protect cod at spawning time: in 2001, large areas of 
the North Sea were closed by prohibiting trawling for 
all white fish species. Local inshore fishermen were 
not affected since they were allowed to continue 
fishing within 12 miles of the closed areas (North Sea 
Cod Recovery Plan 2001 (CRP), Horwood et al. 2006). 
Another example is the introduction of days-at-sea 
restrictions. This was also part of the CRP, restricting 
roundfish vessels to 16 fishing days per month and 
cutting cod quotas in 2003 (Gray et al. 2008). The 
benefit of limiting fishing days is that it retains the 
incentive to improve catch efficiency: fishermen 
attempt to maximize landings during their permitted 
fish time (Catchpole et al. 2005). 
Gear-based measures can also reduce discard rates. 
An example of a gear-based measure are the 

mandatory systems of Sort-X, Sort-V and Flexigrid 
(Larsen et al. 2018). The Sort-X trail uses a grid to 
improve size selectivity in demersal fish trawls 
targeting cod, haddock, saithe (Pollachius virens) and 
redfish (Oncorhynchus nerka) and therefore aids in 
reducing discards. The Sort-V system and Flexigrid 
system are currently actively used, while the Sort-X 
system is considered outdated by fishermen (Larsen 
et al. 2018). 
An example of discard utilisation is the recently 
introduced European Landing Obligation’s, which 
intends to reduce unwanted catches in EU fisheries 
(Guillen et al. 2018). The Landing Obligation is one of 
the important steps in the process of reforming the 
European fisheries policy (Salomon et al. 2014). It 
aims to make fishing more sustainable by 
encouraging more responsible fishing methods (e.g. 
the development and implementation of more 
selective fishing gear) (Guillen et al. 2018, Gullestad 
et al. 2015). Since 2015, the Landing Obligation was 
gradually introduced. However, its implementation 
was not straightforward. The EU landing obligation 
implicitly includes small-scale fisheries, while 
discards have historically been associated with 
medium- to large-scale fleets (Veiga et al. 2016). In 
the Netherlands, perception differences between 
the Ministry of Agriculture and the fishers led to 
distrust and aversion (de Vos et al. 2016). Similarly, 
French fishers expressed that their needs and 
interests were not heard and considered (de Vos et 
al. 2016). A different study has indicated that under 
the Landing Obligation, fisheries encounter the 
‘choke species’ problem (i.e. when the quota of one 
species is reached before the other quotas, leading 
to early fisheries closures) earlier in the year, causing 
substantial economic losses (Mortensen et al. 2018, 
Pointin et al. 2019). The landing obligation also 
introduces the need to find a use for fish under 
‘MCRS’ or ‘minimum conservation reference size’ 
(Catchpole et al. 2017). 
Spatial management measures aim to protect 
vulnerable ecosystems, populations, species or 
cohorts. Closures of certain areas, known as ‘Marine 
Protected Areas’ or ‘MPAs’, can be seasonal or 
permanent. Seasonal closures aim to control fishing 
effort in a certain area for a shorter period in which 
an ecosystem, population, species or cohort is most 
vulnerable (e.g. when a species is spawning). 
Permanent closures are designed to protect habitats 
and support surrounding fisheries by spill-overs of 
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adults from these closed areas into adjacent areas. 
In the Celtic Sea, the seasonal closure of the Trevose 
box (EC 2005) is a well-known example and aims to 
protect spawning cod. More specifically, three ICES 
statistical rectangles are closed for fishing from 1 
January until 31 March (Horwood et al. 1998). In the 
North Sea, the Plaice Box was implemented in 1995 
to protect young plaice, serving as a nursery area 
(Beare et al. 2013).  
Another example of spatial management is to focus 
the fishing effort in areas where the target species is 
most abundant. The catch composition in the North 
Sea is known to vary depending on the area that is 
fished (Fraser et al. 2008). In general, fish species 
diversity is higher in the shallower, southern North 
Sea than in the deeper, northern parts of the North 
Sea (Callaway et al. 2002, Reiss et al. 2010, Frelat et 
al. 2017). Free-living invertebrates and small 
demersal fish species are the dominant fauna in the 
southern North Sea, while sessile species are 
important in the northern North Sea (Callaway et al. 
2002). Three main fish communities were recognized 
(Teal 2011): (a) shelf edge and northern North Sea, 
(b) central North Sea and (c) southern and eastern 
North Sea. The shelf edge community is dominated 
by saithe, haddock, Norway pout (Trisopterus 
esmarkii), whiting, horse mackerel (Trachurus 
trachurus) and blue whiting (Micromesistius 
poutassou), in decreasing weight percentages. 
Haddock, whiting, cod, Norway pout, saithe and dab 
contribute the highest weight percentage to the 
central north community. The south-eastern 
community is dominated by dab, whiting, grey 
gurnard (Eutrigla gurnardus), horse mackerel, plaice 
and cod (Teal 2011). 
The spatial variability of demersal fish assemblages 
in the North Sea is shaped by the dominant water 
masses (Ehrich et al. 2009, Reiss et al. 2010) and to a 
lesser degree by sediment characteristics (Reiss et al. 
2010). In ICES area 27.4.c, the area of focus in this 
master’s dissertation, plaice, dab, sole, common 
dragonet (Callionymus lyra) and scaldfish 
(Arnoglossus laterna) are important species in 
characterizing the demersal communities (Rogers et 
al. 1999). 
Knowledge on these different species assemblages 
and more specifically their spatiotemporal behaviour 
provides valuable input for spatial management and 
may help to reduce discard rates. Fisheries could 
focus their activity in areas with high abundances of 

target species and low abundances of bycatch 
species. Simultaneously, areas with low abundances 
of target species and high abundances of bycatch 
species could be defined as MPAs. In this way, a 
more holistic balance between economy and ecology 
might be achieved. 
 
Objectives 
 
This master’s dissertation aims to perform an 
analysis on fish species in the southern North Sea 
using data from scientific beam trawl surveys (ICES 
DATRAS database)  

- to identify recurrent species assemblages 
(clusters) based on biomass measurements, 

- to examine the variability of the clusters in 
space and time, 

- to identify species that are key in explaining 
the clusters, 

- to examine differences in the 
spatiotemporal distribution of marketable 
and undersized commercial species, 

- to investigate spatiotemporal patterns in 
diversity and evenness, 

- to analyse spatiotemporal patterns of a 
selection of environmental variables, and 

- to gain insight into the explanatory value of 
these environmental variables for the 
different clusters. 

 
Material and methods 
 
 Description of the dataset 

 
The Beam Trawl Survey (BTS) data, as available on 
the ICES DATRAS platform 
(https://datras.ices.dk/Data_products/Download/D
ownload_Data_public.asp), served as basis for the 
analyses of this master’s dissertation. Every year in 
the 3rd quarter, Belgium, England, Germany and The 
Netherlands execute a beam trawl survey in the 
North Sea as part of and financed by the European 
Data Collection Framework (DCF) (i.e. the European 
framework to ensure data collection on fisheries and 
fish stocks under legislation of the Common Fisheries 
Policy (Daw and Gray 2005, Markus 2010)). Beam 
trawls are towed over the seafloor and are therefore 
mostly used to catch shrimp, flatfish or other benthic 
fish species. Every country samples another part of 
the North Sea. Under the coordination of ICES 

https://datras.ices.dk/Data_products/Download/Download_Data_public.asp
https://datras.ices.dk/Data_products/Download/Download_Data_public.asp
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(Working Group on Beam Trawl Surveys, WGBEAM), 
international agreements ensure that all countries 
use similar sampling gear and that the same 
sampling locations are visited each year. 
The analysis focused on the southern North Sea, 
which corresponds to ICES area 27.4.c (defined as 
the part of the North Sea between 51°N and 53.5°N, 
see Figure 1) and in the period 2006 – 2018. The 
selected dataset contains information from 3 
research vessels. More details on the sampling gear, 
period and conditions are listed in Table 1 and can 
be found in ICES. 2018. 
To make the description of spatial patterns easier 
and more concise, the map of ICES area 27.4.c was 
divided into multiple regions (Figure 1). The regions 
northwest of The Wash, the Inner Silver Pit and the 
Norfolk banks are described as ‘NW’. The coast of the 
United Kingdom is termed ‘UKC’, while the UK 
offshore area is named ‘UKO’. The ‘Thames area’ 

describes the mouth of the Thames. ‘BPNS’ stands 
for the Belgian Part of the North Sea, while ‘SA’ 
stands for the Scheldt area. The Dutch coast is 
labeled as ‘DC’, while the Dutch offshore area is 
termed ‘DO’. Sampling stations are sampled by 
different countries: stations indicated in red are 
sampled by the Belgian survey (BEL), stations in 
green are sampled by the English survey (ENG) and 
stations in blue are sampled by the Dutch survey 
(NED). 
The dataset was quality checked by removing invalid 
hauls, by making the length classes uniform 
(different countries measure the length of a fish 
differently), by adding a column with the width of the 
beam trawl and by manually setting the 
groundspeed while fishing to 4 knots if it wasn’t 
recorded (groundspeed is used for calculating CPUE 
values). Using the World Register of Marine Species 
(WoRMS) (http://www.marinespecies.org; library 

 

 
 

Figure 1: ICES area 27.4.c between 51°N and 53.5°N and the different sampling stations. Colours indicate which countries sample the station. 

 
Country Research Vessel Sampling gear Gear position Sampling period 

Belgium RV Belgica 4 m beam trawl Aft August – early September 
United Kingdom RV Endeavour 4 m beam trawl Aft Late July 
The Netherlands RV Tridens 8 m beam trawl Portside or starboard August – early September 

 Trawl duration Tow speed Cod-end stretched mesh N° of stations 

Belgium 30 minutes 4 knots 40 mm 62 
United Kingdom 30 minutes 4 knots 75 mm  100 
The Netherlands 30 minutes 4 knots 40 mm 88 

 

 
Table 1: Information on the scientific surveys in ICES area 27.4.c of the different participating countries derived from ICES. 2018. 

http://www.marinespecies.org/
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(‘worms’) in R (Holstein 2018)), species codes were 
converted to scientific names. Non-fish species were 
removed from the dataset. 
The dataset was divided into a numerical and a 
gravimetric dataset. When the length of a fish is 
known, the biomass can be calculated using the 
formula 
 

𝑊𝑒𝑖𝑔ℎ𝑡 = 𝑎 ∗ 𝐿𝑒𝑛𝑔𝑡ℎ𝑏 . 
 
So-called ‘length-weight keys’, which provide the 
species-specific values for the parameters ‘a’ and ‘b’, 
allow to calculate the weight of individual fish based 
on their length. The ‘a’ and ‘b’ parameters were 
derived from Silva et al. 2013, which contains an 
extensive library of the length-weight relationships 
of marine fish collected around the British Isles. 
Subsequently, all fish species were classified as 
‘commercial’ or ‘non-commercial’ using a rapport of 
landed species in 2018 (Velghe and Scherrens 2018). 
The non-commercial fish species were defined as 
species that were not landed in the fish auction. The 
commercial fish species were further divided into 
two subsets: ‘marketable’ and ‘undersized’ 
individuals. Marketable specimens have a size equal 
to or larger than the ‘minimum conservation 
reference size’ or ‘MCRS’ as obtained from the 
Council Regulation (EC) No 2015/812 (Salomon et al. 
2014). The MCRS is a species-specific minimum 
length at which fish species are permitted to be 
landed in absence of the European landing 
obligation. The MCRS for plaice for example is 27 cm. 
Undersized individuals have a length smaller than 
the MCRS. 
The environmental dataset was derived from the 
ICES DATRAS platform and from the Copernicus 
Marine Service platform 
(https://marine.copernicus.eu).  
 

 Data analysis 
 
For the analysis of this master’s dissertation, R 
version 3.6.1 was used (R Core Team 2019), 
accompanied by several packages (see Appendix). 
The most frequently used packages were part of the 
‘tidyverse’ collection (Wickham et al. 2019), which 
was applied for data exploration, transformation, 
manipulation and plotting. A summary of the used 
code can also be found in Appendix. 

The swept area per haul was calculated using the 
ground speed of the ship while towing (in knots or 
nautical miles per hour), the haul duration (in 
minutes) and the width of the beam (in meters) and 
converted to km2. The ‘Catch Per Unit Effort’ 
(‘CPUE’), which was used for comparisons between 
hauls, was calculated per species as the total weight 
of that species in a haul divided by the swept area in 
that same haul. The unit for CPUE is kg/km2. 
Analysis of the spatiotemporal patterns of fish 
communities in the North Sea was done by                               
1) performing a PCA and subsequent cluster analysis, 
2) calculating diversity and evenness indices and                 
3) analysing which environmental variables are 
explanatory for any observed spatiotemporal 
patterns. 
The rows of the dataset, which represent an 
individual caught during the beam trawl surveys, 
were grouped by year, sampling station, unique haul 
and species. If applicable, a distinction between 
marketable and undersized individuals was made. 
Next, the CPUE for this grouping was calculated and 
saved per species and per unique haul. The dataset 
was transposed and transformed (Figure 2): the 
unique hauls form the rows in this dataset, while the 
individual fish species make up the columns, with the 
CPUE for the aforementioned grouping in the cells. 
The ‘haul_id’, a string variable which contains the 
year (example for the first row: 2006), the ICES area 
(4.c), the ICES statistical rectangle (31F1), the 
sampling station (119) and the haul number (89), 
was made to be able to distinguish between the 
different hauls. 
 
II.1) Analysis of fish communities 
 
A PCA or ‘principal components analysis’ was used to 
reduce the multidimensionality of the transformed 
dataset. A PCA is a multivariate method of analysis 
that describes a large amount of data using a smaller 
number of variables, the so-called ‘principal 
components’ or ‘PCs’. The ‘PCA’ function in R belongs 
to the ‘FactoMineR’ package (Le et al. 2008) and was 
used to run a PCA on the transformed dataset. 
Before running the PCA, the CPUE values were 4th 
root transformed to remove skew in the dataset 
caused by hauls with a disproportionately high CPUE. 
Subsequently, the ‘Hierarchical Clustering on 
Principal Components’ or ‘HCPC’ function in R, which 
also belongs to the ‘FactoMineR’ package, was used 

https://marine.copernicus.eu/
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to perform a hierarchical clustering on the principal 
components obtained with the principal component 
analysis. The ‘HCPC’ function provides the user with 
useful graphs such as scree plots, dendrograms and 
PCA biplots. Clustering of the hauls was performed 
for each year (2006 – 2018). The choice of the 
number of clusters was arbitrarily set to 10. 
The 20 species shown in the heatmap (Figure 3) were 
chosen as follows. For each species in the dataset, 
the average CPUE per cluster was calculated in the 
clustering protocol. Next, these averages were 
summed over the clusters to get an indication which 
species contribute the most to defining the spatial 
pattern. The 20 species that had the highest summed 
value were chosen; marketable and undersized 
individuals of the same species were treated as two 
different species. 
The spatial pattern of the multivariate cluster 
analysis was plotted by aggregating the sampling 
stations and clusters to which they were assigned to 
over the entire time series (2006 – 2018) (Figure 4). 
The spatial distribution of six fish species was 
analysed in-depth (Figure 5). First, species with an 
average CPUE in any cluster above 10 kg/km2 were 
picked. Next, of the commercial species, both the 
marketable and the undersized individuals were 
chosen. For all analyses focused on these six species, 
a distinction between marketable and undersized 
individuals was made, if applicable. 
The annual variation of fish communities was 
analysed by focusing on the same six fish species 
(Figure 6). The data was grouped by year, species 
and cluster. Calculations for all other species were 
grouped under ‘Other’. 

Temporal trends of the CPUE of six fish species were 
analysed in-depth as well (Figure 7). The data was 
grouped by year and species. Error bars of 95% 
confidence interval were added, as well as a loess 
smoother with SE values. 
 
II.2) Analysis of diversity and evenness 
 
The diversity at each sampling station was calculated 
using Hill’s diversity indices (Hill 1973) and an 
evenness index for each sampling station (protocol 
from 
https://www.flutterbys.com.au/stats/tut/tut13.2.ht
ml): 

- N0: the species richness indicates the 
number of unique species in a sample. It is 
calculated as the sum of all unique species; 

- N1: the exponent of the Shannon-Wiener 
diversity index H’ (ln based) takes both the 
number of species and the relative 
abundances of those species into account: 

 

𝐻′ =  − ∑ (
𝑛𝑖

𝑁
× 𝑙𝑛

𝑛𝑖

𝑁
) ; 𝑁1 = 𝑒𝐻′

; 

 
- N2: the inverse of the Simpson diversity 

index λ is a measure of the dominance of 
species. Higher values of N2 indicate a 
community with a higher diversity: 

 

𝜆 = ∑
𝑛𝑖(𝑛𝑖 − 1)

𝑁(𝑁 − 1)
 ; 𝑁2 =

1

𝜆
; 

 

 
 

Figure 2: Excerpt from the dataset used for the PCA and cluster analysis. 
 

https://www.flutterbys.com.au/stats/tut/tut13.2.html
https://www.flutterbys.com.au/stats/tut/tut13.2.html
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- J’: Pielou evenness of the Shannon-Wiener 
index H’ indicates how even the community 
is. The more variation in abundances 
between different taxa within the 
community, the lower the value of J will be: 

 

𝐽′ =
𝐻′

𝑙𝑛(𝑆)
=  

𝐻′

𝑙𝑛(𝑁0)
. 

 
Spatial patterns of the diversity indices and evenness 
index were visualized by considering the entire time 
series (2006 – 2018) (Figure 8). 
When summarizing spatial patterns of the diversity 
indices and evenness index, median values were 
used instead of mean values to avoid skewness in the 
data. Boxplots of diversity and evenness per cluster 
were made by grouping the stations that were 
assigned to each cluster and plotting Hill’s diversity 
indices and the evenness index calculated for those 
stations (Figure 9). The plot of the diversity and 
evenness per cluster over time was made similarly; 
the year was added as another grouping variable and 
the median value per cluster and per year was 
plotted (Figure 10). 
 
II.3) Incorporating environmental variables 
 
Spatial patterns of the environmental variables were 
visualized by pooling the entire time series (2006 – 
2018) (Figure 11). 
Boxplots of the different environmental variables 
per cluster were made by grouping the stations that 
were assigned to each cluster and plotting the 
environmental variables for those stations (Figure 
12). Data was pooled over the period 2006 – 2018 to 
make up for the limited amount of observations per 
year in the environmental dataset.  
Differences in the environmental variables between 
the different clusters were statistically tested for 
using an ANOVA (‘aov’ function belonging to the ‘car’ 
package (Fox and Weisberg 2019) in R). 
Homogeneity of variances was tested for using 
Levene's test (‘leveneTest’ function belonging to the 
‘car’ package in R). The nonparametric Games-
Howell post-hoc test (‘oneway’ function belonging to 
the ‘userfriendlyscience’ package (Peters 2018) in R) 
was used to compare combinations of clusters. P 
values were reported as following: ns (p > 0.05), * (p 
≤ 0.05), ** (p ≤ 0.01) and *** (p ≤ 0.001). 

To test what environmental variables were 
explaining the allocation of stations to a certain 
cluster, a multinomial logistic regression was 
applied. Protocol was largely followed from UCLA: 
Statistical Consulting Group. The clusters were used 
as the dependent variable, while the environmental 
variables were used as independent, predictor 
variables. Cluster one was chosen as the baseline 
outcome level (i.e. the cluster); all other clusters 
were therefore contrasted with cluster 1. Model 
selection was done using an automatic stepwise 
forward and backward selection procedure of the 
best fitting model by comparing ‘Akaike information 
criterion’ or ‘AIC’ values. Absence of collinearity 
between these three variables was tested for using a 
correlation test. P-values for the different regression 
coefficients were calculated with two-tailed z test 
using the coefficients and the standard errors 
extracted from the output of the multinomial logistic 
regression (Figure 13). 
Probabilities of assigning a sampling station to a 
certain cluster based on the environmental variables 
were predicted (Figure 14) was done as follows. For 
each environmental variable, a probability plot was 
made. The mean of the other two variables was used 
to keep the other two variables constant. The 
‘predict’ function in R was used to predict the 
probabilities based on the full model and the range 
of values the environmental variable under analysis 
can take. This way, only one environmental variable 
was taken into consideration at a time. The process 
was repeated for the other two environmental 
variables.  
 
Results 
 
 Analysis of fish communities 

 
I.1) Identifying clusters 
 
The cluster analysis shows that the 10 clusters can be 
grouped in 4 branches (Figure 3), where the clusters 
form the sub-branches. The first branch consists of 
clusters 8, 9 and 10, which are characterised by large 
catch rates of plaice and dab, both marketable and 
undersized. The second branch contains clusters 3 
and 7, which have the lowest catch rates of these 20 
most abundant species and show moderate CPUE 
values for both marketable and undersized sole. The 
third branch consists of clusters 1, 2 and 5, 
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Figure 3: Heatmap of the different clusters and the 20 species that contribute the most to defining the different clusters. Species are split between 
marketable and undersized individuals if MCRS is defined. Values and their concurrent colours represent the mean CPUE (kg/km2) for each species in 

each cluster. Selection of species: see Material and methods. 
 

 
 

Figure 4: Spatial pattern of the multivariate cluster analysis (colours represent clusters as defined in the cluster analysis aggregated over the entire 
time series (2006 – 2018)). 
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Figure 5: CPUE (kg/km2) of dab, whiting, lemon sole, plaice, sole and catshark in the southern North Sea (2006 – 2018) with indication of 

marketable and undersized fish, if applicable. 
 

 
Figure 6: Relative CPUE contribution of dab, whiting, lemon sole, plaice, sole, catshark and all other species in the southern North Sea to each 

cluster with indication of marketable and undersized fish, if applicable. 
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characterised by the highest catch rates for sole 
(both marketable and undersized) and catshark. The 
fourth and last branch containing clusters 4 and 6 is 
characterised by high catch rates of catshark, but 
also dab (marketable and undersized), lemon sole 
(Microstomus kitt), armed bullhead (Agonus 
cataphractus), dragonet and whiting are caught a lot 
(mean per cluster > 5 kg/km2). 
 
I.2) Spatial pattern of fish communities 
 
The spatial distribution of fish communities based on 
the 10 clusters exhibits a clear east-west pattern 
(Figure 4). Clusters dominated by plaice and dab 
(specifically clusters 8 and 10) are generally found in 
the eastern parts of ICES area 27.4.c, while clusters 
that are dominated by sole and catshark (specifically 
cluster 1 and 2) are mainly found in the 
southwestern parts of that same area. 
The offshore part of the eastern North Sea is 
dominated by plaice and dab (clusters 8 and 10 in the 
DO area and the BPNS), while European flounder 
(Platichthys flesus) has the highest catches in the 
coastal part of the eastern North Sea (cluster 7 in the 
DC and the SA). These patterns are contrasted by the 
southwestern North Sea, which is largely dominated 
by clusters with catshark and sole (clusters 1, 2 and 
5 in the UKC area). Cluster 3, which shares the same 
sub-branch with cluster 7, is situated in the Thames 
area, the UKC area and the NW area and has 
intermediate catches of sole, plaice and dab. Cluster 
9 in the NW area shows characteristics of both the 
western area (higher catches of marketable sole) and 
the eastern area (higher catches of dab and plaice) 
of the North Sea. 
Clusters 4 and 6 cannot be associated with a specific 
geographical location and are more spread over the 
entire study area. Cluster 4 can be found in the BPNS, 
the NW area, the Thames area and the UKC area, 
while cluster 6 can be found in the NW area, but also 
in the Thames area and the DC area. Cluster 4 is 
characterised by marketable plaice, catshark, 
marketable whiting, marketable Atlantic cod and 
marketable lemon sole, in descending importance, 
while both marketable and undersized sole are 
completely absent from cluster 4. 
The spatial distribution of six species was analysed 
in-depth: dab, whiting, lemon sole, plaice, sole and 
catshark (Figure 5). Generally, marketable 
individuals show higher abundances in offshore 

areas and undersized individuals have higher 
abundances near the coasts. This is especially true 
for plaice and sole. Hauls of dab have a higher CPUE 
in the UKC, the UKO, the NW, the BPNS and the 
Thames area than in the DO or the DC areas. The 
same spatial patterns are found for whiting and 
lemon sole. Catshark has high abundances in the 
Thames area, the UKC area and to a lesser degree in 
the NW area, while catshark is absent in the eastern 
parts of ICES area 27.4.c. 
The highest CPUE for marketable plaice is found in 
the BPNS (223.59 kg/km2), while the highest CPUE 
for marketable sole is found in the Thames area 
(90.17 kg/km2). Undersized dab (8.44 ± 0.21 kg/km2) 
has a higher CPUE than marketable dab (7.21 ± 0.20 
kg/km2). For all other species under consideration, 
the abundances of the marketable specimens are 
higher than the abundances of the undersized 
specimens. 
 
I.3) Annual variation of fish communities 
 
The pattern seen on Figure 4 is recognizable in the 
relative CPUE contributions of the different species 
to each cluster (Figure 6). Plaice and dab contribute 
a lot to clusters 8, 9 and 10, while sole and catshark 
contribute more to clusters 1 and 2.  
Clusters 4 and 6, the two clusters with an 
inconsistent spatial distribution, are not dominated 
by a single species. Moreover, clusters 4 and 6 were 
not assigned in some of the analysed years. Cluster 4 
is absent from Figure 6 in 2009 and 2016, while 
cluster 6 is absent in 2008, 2009 and 2015. Lemon 
sole stands out as a species that contributes a lot to 
clusters 4 and 6, but also as a species with a lot of 
interannual variation. 
In general, the relative CPUE contribution of the 
different species to each cluster shows a lot of 
interannual variation.  
Catshark has the highest mean CPUE of the selected 
species under study (60.56 ± 12.27 kg/km2 in 2018) 
(Figure 7). The year significantly predicts the mean 
CPUE of catshark (t(11) = 3.699, p < 0.05). Of the 
commercial species, marketable plaice has the 
highest mean CPUE (36.63 ± 4.91 kg/km2 in 2014). 
The year significantly predicts the mean CPUE of 
undersized plaice (t(11) = 5.467, p < 0.001), ranging 
from 11.56 ± 0.94 kg/km2 in 2006 to 16.58 ± 1.40 
kg/km2 in 2016. The year also significantly predicts 
the mean CPUE of marketable dab (t(11) = -2.579,                   
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p < 0.05), ranging from 8.99 ± 1.78 kg/km2 in 2008 to 
4.80 ± 0.42 kg/km2. Other species do not show a 
significant positive or negative trend between 2006 
and 2018 (t(11) ranged from -1.942 to 0.867, p > 
0.05). 
 

 Analysis of diversity and evenness 
 
II.1) Spatial pattern of diversity and evenness 
 
Species richness (N0) is higher in coastal areas than 
in offshore areas (Figure 8). The Thames area has a 
lower species richness (min-max: 3 to 23, median = 
13) than the BPNS and the SA (min-max: 6 to 26, 
median = 16). The number of species in the NW area 
ranges from 6 to 27 with a median value of 16. The 
same pattern is reflected in the Hill’s index N1, which 
is higher in the eastern part of the North Sea. N1 is 
low in the DO area and the UKC area, similarly to the 
distribution pattern of N0. The inverse of the 
Simpson index (N2) is the highest near the coasts, 
especially south of the Thames area and off the 
BPNS. The distribution of J’, Pielou’s evenness, 
follows a similar pattern as N1. 
Linking these diversity and evenness indices to the 
identified clusters showed high median values for N0, 
N1, N2 and J’ in clusters 4 and 6, which are the two 
clusters that lack a specific associated geographical 
location (Figure 9). Cluster 4 has the highest median 
species richness N0 (min-max: 11 to 28,                            
median = 18.5), followed by cluster 6 (min-max: 11 
to 27, median = 17.5). In comparison, cluster 1 (min-
max: 8 to 22, median = 14), cluster 2 (min-max: 6 to 
22, median = 13) and cluster 3 (min-max: 3 to 24, 
median = 11) have a lower median species richness. 
Cluster 5 (min-max: 8 to 26, median = 16), cluster 6 
(min-max: 11 to 27, median = 17) and cluster 7 (min-
max: 11 to 25, median = 17) have a higher median 
species richness. 
Clusters 8 and 10 have intermediate median values 
for the species richness (14 and 15 respectively), 
while median values for N1 (1.31 and 1.30 
respectively) and J’ (0.10 and 0.10) are low. Cluster 6 
stands out with a high value for N1 (min-max: 1.20 to 
1.96, median = 1.54), cluster 3 has the lowest values 
for N1 (min-max: 1.02 to 1.81, median = 1.23). The 
pattern of J’, Pielou’s evenness index, follows that of 

N1, with cluster 6 having the highest median J’ values 
(min-max: 0.07 to 0.21, median = 0.15). Cluster 9 has 
median values for N0 (17), N1 (1.45) and N2 (1.13) 
similar to those of cluster 5. 
 
II.2) Temporal pattern of diversity and evenness 
 
No temporal pattern in the diversity and evenness 
between the different clusters can be distinguished 
(Figure 10). All four median index values are high for 
clusters 4 and 6, except for 2007 and 2015 and the 
years when these clusters were not assigned. 
 

 Incorporating environmental variables 
 
III.1) Spatial pattern of environmental variables 
 
NPP measurements are higher near the coasts (DC 
area, BPNS, Thames area) than in offshore areas 
(UKO area, NW area), with a maximum measured 
value of 236.33 mgC m−2 day−1 in the DC area (Figure 
11). Surface temperatures are the highest in the 
eastern part of ICES area 27.4.c and the lowest in the 
NW area. Surface salinity on the other hand is the 
highest in offshore areas such as the UKO area and 
the NW area. 
 
III.2) Linking clusters and environmental variables 
 
Cluster 7 stands out when looking at the differences 
of environmental variables between the different 
clusters (Figure 12). The median net primary 
production or NPP (min-max: 31.31 to 236.33 mgC 
m−2 day−1, median = 104.63 mgC m−2 day−1) and the 
median surface temperature (min-max: 17.1 to 21.5 
°C, median = 19.2 °C) in cluster 7 are higher than in 
other clusters, while the median surface salinity 
(min-max: 31.24 to 34.99 PSU, median = 33.64 PSU) 
is lower than that in the other clusters. Cluster 1 
(min-max: 28.80 to 149.30 mgC m−2 day−1, median = 
64.95 mgC m−2 day−1), cluster 2 (min-max: 24.47 to 
169.60 mgC m−2 day−1, median = 82.48 mgC m−2 
day−1) and cluster 3 (min-max: 11.59 to 155.25 mgC 
m−2 day−1, median = 66.24 mgC m−2 day−1) also seem 
to have a higher median value for NPP than the other 
clusters.
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Figure 7: Mean CPUE of dab, whiting, lemon sole, plaice, sole and catshark per year with indication of marketable and undersized individuals if 
applicable. Note the different scales on the y axes. 

 

 
 

Figure 8: Spatial pattern of diversity and evenness per sampling station (2006 – 2018). Top left: species richness (N0);                                                                            
top right: exponent Shannon-Wiener (N1); bottom left: inverse Simpson (N2); bottom right: Pielou’s evenness (J’). 
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Figure 9: Diversity and evenness per cluster (2006 – 2018). From left to right: species richness (N0); exponent Shannon-Wiener (N1);                          

inverse Simpson (N2); Pielou’s evenness (J’). 
 

 
 

Figure 10: Median diversity and evenness per year for each cluster. Top left: species richness (N0); top right: exponent Shannon-Wiener (N1); 
bottom left: inverse Simpson (N2); bottom right: Pielou’s evenness (J’). 

 

 
 

Figure 11: Spatial pattern of environmental variables per sampling station (2006 – 2018). From left to right: net primary production at the 
surface, surface temperature and surface salinity. 
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The NPP (ANOVA; F = 537.7, p < 0.001), the surface 
temperature (ANOVA; F = 401.7, p < 0.001) and the 
surface salinity (ANOVA; F = 65.12, p < 0.001) differ 
significantly between the different clusters. 
Homogeneity of variances was rejected for the NPP 
ANOVA (F = 100.07, p < 0.001), for the surface 
temperature ANOVA (F = 37.28, p < 0.001) and for 
the surface salinity ANOVA (F = 18.82, p < 0.001). 
Games-Howell post-hoc tests were used to compare 
combinations of clusters; results are listed in Tables 
2, 3 and 4. 
A multinomial logistic regression model with all 
three environmental variables was chosen over a 
simpler model with only one or a combination of two 
out of three environmental variables, based on the 
AIC values. Correlations between the three different 
environmental variables under consideration are 
weak: NPP~°t = 0.32, NPP~PSU = -0.15 and                       
°t~PSU = -0.21. 
The two-tailed z-tests of the different regression 
coefficients show that most regression coefficients 

are significant, except for the surface temperature 
for clusters 4 (p > 0.05) and 5 (p > 0.05) (Figure 13). 
The probabilities of assigning a sampling station to a 
certain cluster based on the environmental variables 
are generally low (Figure 14). Low NPP values 
indicate a higher probability of assigning sampling 
stations to clusters 4, 5, 6, 8, 9 and 10; high NPP 
values indicate a higher probability of assigning 
sampling stations to clusters 2 (highest probability), 
3 and 7. Low surface temperatures indicate a higher 
probability of assigning sampling stations to clusters 
6 and 9; intermediate surface temperatures indicate 
a higher probability of assigning sampling stations to 
clusters 1, 3, 4, 5 and 8; high surface temperatures 
indicate a higher probability of assigning sampling 
stations to clusters 2, 7 and 10. Low surface salinities 
indicate a higher probability of assigning sampling 
stations to clusters 3, 6 and 7; intermediate surface 
salinities indicate a higher probability of assigning 
sampling stations to clusters 1, 2, 5, 9 and 10; high 
surface salinities indicate a higher probability of 
assigning sampling stations to clusters 4 and 8.
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Figure 12: Environmental variables per cluster (2006 – 2018). From left to right: surface net primary production, surface temperature and surface 
salinity. 

 

NPP 2 3 4 5 6 7 8 9 10 

1 *** * *** *** *** *** *** *** *** 

2  *** *** *** *** ns *** *** *** 

3   *** *** *** *** *** *** *** 

4    *** ns *** *** ** * 

5     *** *** ns *** *** 

6      *** *** ns *** 

7       *** *** *** 

8        *** ** 

9         *** 
 

 

t° 2 3 4 5 6 7 8 9 10 

1 *** * ns ns *** *** *** *** *** 

2  *** *** *** *** *** *** *** *** 

3   *** * *** *** *** *** ns 

4    ** *** *** ns *** *** 

5     *** *** *** *** *** 

6      *** *** * *** 

7       *** *** *** 

8        *** *** 

9         *** 
 

 

PSU 2 3 4 5 6 7 8 9 10 

1 ns ns *** ns ns *** *** *** ns 

2  ns *** *** ns *** *** *** ** 

3   *** *** ns *** *** ** * 

4    *** *** *** ns *** *** 

5     ns *** *** ns ns 

6      *** *** ** ns 

7       *** *** *** 

8        *** *** 

9         *** 
 

 
Tables 2, 3 and 4: Results of Games-Howell post-hoc tests of differences in surface net primary production (top), surface temperature (mid) and 

surface salinity (bottom) between clusters. 
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(Intercept)      SurTemp       SurSal nppv_depth_0 
2  0.000000e+00 0.0000000000 4.816671e-02 0.000000e+00 
3  9.735324e-01 0.0024726034 2.737727e-02 2.345556e-05 
4  2.984279e-13 0.7151683792 0.000000e+00 0.000000e+00 
5  8.012982e-01 0.0640651941 1.601407e-01 0.000000e+00 
6  0.000000e+00 0.0000000000 2.160955e-05 0.000000e+00 
7  0.000000e+00 0.0000000000 0.000000e+00 7.184079e-05 
8  2.012601e-06 0.0008166036 0.000000e+00 0.000000e+00 
9  0.000000e+00 0.0000000000 3.816352e-01 0.000000e+00 
10 1.856706e-06 0.0000000000 5.285587e-01 0.000000e+00  

 
Figure 13: Two-tailed z tests of the output of the multinomial logistic regression. Comparisons with cluster 1 as baseline outcome level. 

 

 
 

Figure 14: Probabilities for stations being assigned to a cluster based on environmental variables. From left to right: surface net primary 
production, surface temperature and surface salinity. Note the different scales on the y axes. See Material and methods. 
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Discussion 
 
Based on biomass measurements derived from 
scientific beam trawl surveys (ICES DATRAS 
database), several species assemblages were 
identified. Clusters dominated by plaice and dab 
were generally found in the eastern parts of the 
southern North Sea, while clusters characterised by 
sole and catshark were mostly found in the 
southwestern parts of the southern North Sea. 
The findings on the spatial distribution of plaice and 
sole in this thesis corroborate with Engelhard et al. 
2011, who indicated that plaice and sole are 
characteristic species of the southern North Sea. 
Juvenile plaice uses coastal waters as nursery areas 
and moves offshore to deeper, cooler waters while 
maturing (Teal 2011). Plaice is a common species in 
the southern North Sea and in the German Bight 
(ICES. 2017 (Working Group on Assessment of 
Demersal Stocks in the North Sea and Skagerrak or 
WGNSSK)). In this master’s dissertation, undersized 
plaice was more abundant near the coasts, while 
marketable plaice had higher abundances in offshore 
areas. Despite these differences in spatial 
distribution, marketable and undersized plaice 
where usually assigned to the same cluster (e.g. 
clusters 5, 8, 9 and 10), with some exceptions (see 
further). Clusters dominated by plaice were found in 
the east of the study area, with the Dutch coast as an 
exception, where plaice’s importance was lower and 
marketable flounder played an important role. Like 
plaice, mature sole tends to inhabit deeper waters 
than the juveniles, although sole remains restricted 
to waters shallower than 50 meters, preferring 
sandy/muddy habitats across the North Sea (Teal 
2011). Abundances of both marketable and 
undersized sole were higher in coastal clusters than 
in offshore clusters and generally higher in the west 
than in the east of the southern North Sea. 
Marketable and undersized sole were often assigned 
to the same cluster (e.g. clusters 1, 2 and 5). 
Clusters dominated by plaice generally also had high 
contributions of sole, and vice versa. This reflects the 
large-scale distribution pattern of flatfish species in 
the North Sea, which have the highest abundances in 
the southern parts of the North Sea (Knijn et al. 1993, 
Callaway et al. 2002, Teal 2011). High numbers of 
juvenile specimens of flounder, sole, dab and plaice 
were reported in the Thames estuary (Power et al. 
2000), indicating that flatfish species share the same 

nursing and spawning grounds in the southern North 
Sea. 
Apart from plaice and sole, four other species were 
identified as key contributors to the observed cluster 
pattern: dab, whiting, lemon sole and catshark. Dab 
showed an even distribution over the area under 
consideration. This matches with knowledge of dab 
as a generalist demersal fish species widely spread in 
the North Sea (ICES. 2017 (WGNSSK)), Sell and 
Kröncke 2013), with the highest abundances in the 
southeastern North Sea (ICES. 2017 (WGNSSK)). 
Whiting had higher abundances in the southwest of 
the southern North Sea. This is supported by ICES. 
2017 (WGNSSK), where whiting showed the highest 
abundances in the southwestern North Sea. Whiting 
is known as a major fish predator in the North Sea 
ecosystem (Lauerburg et al. 2018) and is commonly 
found near the bottom in areas shallower than 200 
meters (Teal 2011). Lemon sole had the lowest 
abundances of the six fish species under 
consideration. It was concentrated in the western 
parts of the study area and played an important role 
in characterizing clusters 4 and 6. Occurrences of 
lemon sole in the North Sea are most common at the 
Dogger Bank and at the Scottish coast (ICES. 2017 
(WGNSSK)) and are positively correlated with depth 
in a study carried out on and near the Dogger Bank 
(Sell and Kröncke 2013). Catshark was the most 
abundant in the coastal, western parts of the studied 
region, which corresponds to findings that catfish is 
the most abundant on the continental shelves of the 
North Sea (ICES. 2017 (Working Group on 
Elasmobranchs or WGEF)).  
Findings on the abundances of the six species 
analysed in this study does correspond to the latest 
report of the WGNSSK (ICES. 2017 (WGNSSK)) on the 
spatial distribution of those species. In many cases, 
there was also a match between the spatial 
distribution of individual species and the clusters 
they contributed most to. For example, the spatial 
distribution of sole and catshark abundances 
reflected the spatial pattern of the clusters they 
characterised. The match between the abundances 
of plaice and dab and the clusters they dominated 
was smaller. 
Clusters 4 and 6 showed less consistent results. In 
some of the analysed years, these clusters were not 
assigned and the spatial distribution of clusters 4 and 
6 was indistinct. A plausible explanation is that 
clusters were artificially divided due to the arbitrary 
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choice of working with 10 clusters. Yet, a rerun of the 
cluster analysis with 3, 7 or 12 clusters did not 
drastically change the observed patterns: a similar 
east-west pattern of different species assemblages 
was found, where plaice and dab dominated the 
eastern clusters and sole and catshark dominated 
the western clusters. This indicates the robustness of 
the clusters and confirms that the results derived 
from the multivariate analysis in this thesis are 
sturdy. 
Mateo et al. 2017 set out to find spatially 
homogenous species assemblages in mixed 
demersal fisheries in the Celtic Sea and chose the 
most appropriate number of clusters for 
management purposes by applying the ‘elbow 
criterion’ (i.e. plotting the explained variation over 
the number of clusters and picking the elbow of the 
curve as the number of used clusters; adding another 
cluster beyond the ‘elbow’ does not explain the 
variance in the data better). Although this 
methodology is subjective and not always 
unambiguous (Ketchen and Shook 1996), it remains 
an easy to perform method to select the most 
adequate number of clusters. Mateo et al. 2017 
worked with commercial haul data, but their 
methodology is also applicable to scientific survey 
data, such as the ICES DATRAS database which was 
used in this thesis. Therefore, future research on 
community patterns using a multivariate analysis 
should consider using the elbow criterion to choose 
the most fitting number of clusters. The choice of the 
number of clusters will also depend on the type of 
analysis: large-scale patterns can be identified using 
a limited number of clusters, while research on 
smaller-scale patterns will require a higher number 
of clusters. 
Abundance trends over the years were significant for 
catshark (positive trend), undersized plaice (positive 
trend) and marketable dab (negative trend). The 
spawning stock biomass (the combined weight of all 
individuals in a stock that are capable of 
reproducing) of plaice in the North Sea and the 
Skagerrak has “markedly increased since 2008” 
(ICES. 2019). For this thesis, the temporal variations 
in biomass were of minor importance compared to 
the spatial patterns of biomass. The general cluster 
pattern remained relatively constant between 2006 
and 2018, the span of the analysis. Whether the 
temporal variations in biomass formed an adequate 

explanation for the inconsistencies of clusters 4 and 
6 could not be concluded.  
Samples near the coasts showed a high species 
richness, diversity and evenness, while offshore 
samples showed lower levels of species richness, 
diversity and evenness. The Thames area stood out 
as a region of samples with lower species richness 
than areas in the eastern parts of the southern North 
Sea, such as the BPNS and the SA. A higher diversity 
of fish species was reported for the shallower, 
southern parts of the North Sea compared to the 
deeper, northern parts of the North Sea (Callaway et 
al. 2002, Reiss et al. 2010, Frelat et al. 2017). 
Research of differences in species diversity 
specifically for the southern North Sea is not 
available: studies such as Reiss et al. 2010 focus on 
larger-scale patterns in the entire North Sea. 
All environmental variables under consideration 
(surface net primary production, surface 
temperature and surface salinity) were measured in 
the 3rd quarter of the year. Each environmental 
variable contributed significantly to explaining in 
which cluster each sampling station was categorized. 
Surface NPP was higher near the coasts than in 
offshores areas. Capuzzo et al. 2017 found high 
primary productivity in the southeastern parts of the 
North Sea (due to freshwater influence) and lower 
primary productivity in the southwest (permanently 
mixed waters), while van Denderen et al. 2014 
reported higher yearly primary productivity near the 
DC area and the SA compared to offshore areas, 
which supports the findings of this thesis. Surface 
temperatures showed an increasing trend from the 
NW area to the BPNS, the SA and the DC area, while 
surface salinities were higher in offshore areas than 
near the coasts. 
There was a match between the observed values of 
the environmental variables for each cluster and the 
predicted categorization based on those same 
environmental variables. Surface NPP for cluster 2 
stood out: according to the probabilities derived 
from the multinomial logistic model, the probability 
of a sampling station being assigned to cluster 2 
increased with increasing NPP to about 80%, while 
cluster 7 stood out from the preceding analysis as 
the cluster with the highest observed NPP. 
Probabilities were generally low, plausibly indicating 
that each environmental variable alone was not 
sufficient to accurately predict the assigned clusters.  
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Demersal fish species exhibit differences in 
community composition between the northern and 
the southern regions of the North Sea: fish 
communities are separated by a boundary line 
between stratified northern and mixed southern 
water masses (Callaway et al. 2002, Fraser et al. 
2008, Ehrich et al. 2009, Reiss et al. 2010, Teal 2011). 
There is strong support in favour of a link between 
hydrographical features (i.e. water masses, fronts, 
residual currents) and bottom fish assemblages 
(Ehrich et al. 2009). The relative influence of other 
environmental factors, such as depth, salinity, 
temperature and substrate, depends on the spatial 
scale and interactions between large- and local-scale 
processes (Menge and Olson 1990, Ehrich et al. 
2009). Reiss et al. 2010 mark the importance of 
bottom water temperatures and thermal 
stratification of water columns in recognizing spatial 
patterns of infauna, epifauna and demersal fish 
communities. Sediment characteristics are less 
influential, and the impact of environmental 
variables is marked as scale-dependent, as indicated 
by earlier studies (Reiss et al. 2010). An older study 
highlights the role of fishing and its impact on the 
composition of fish communities (Roger et al. 1999). 
In this study, surface NPP, surface salinity and 
surface temperature all contributed significantly to 
defining the clusters. Adding more relevant 
environmental parameters such as hydrographical 
features, depth and substrate and sediment 
characteristics should improve predictions and might 
be an enticing option for future research. 
The approach in this thesis made a distinction 
between non-commercial and commercial species 
and between marketable and undersized 
commercial species, which yielded interesting 
results. From a management perspective with the 
aim of reducing discards, some clusters stood out 
from the multivariate analysis. These clusters were 
typically characterised by marketable specimens, 
while undersized individuals of the same species 
were less important. Cluster 4 for example, found in 
the BPNS, the NW area, the Thames area and the 
UKC area, could be an interesting cluster for 
commercial fishery focused on plaice: it was 
characterised by marketable plaice, while 
undersized plaice was caught in lower abundances. 
Similarly, undersized sole had low abundances in 
clusters 6 and 9, making those clusters potentially 
attractive for commercial fishery targeted on sole. 

Another interesting cluster in this study was cluster 
7, which was typified by marketable and located in 
the DC area and the SA. This corresponds to findings 
from other studies: flounder is a typical species 
found in the coastal and estuarine areas of the North 
Sea (Knijn et al. 1993). 
 
Conclusions 
 
Recurrent fish species assemblages in the southern 
North Sea were identified using the ICES DATRAS 
database. Differentiating between marketable and 
undersized specimens of commercially sold species 
proved to be a possibility, which gives interesting 
prospects for future multivariate analyses. The 
spatiotemporal patterns of young individuals can be 
analysed separately from that of adult specimens, 
allowing for more detailed analyses of the 
distribution of commercially important fish species. 
Six species that played a key role in explaining the 
clusters were identified: dab, whiting, lemon sole, 
plaice, sole and catshark. A small selection of species 
seems sufficient to describe the spatiotemporal 
patterns of the communities they define. The 
analysis of species richness, diversity and evenness 
gave more insight into spatiotemporal patterns of 
fish species in the southern North Sea. Likewise, 
more knowledge on the role of environmental 
variables was gained by performing a multinomial 
logistic regression, revealing that surface net primary 
productivity, surface salinity and surface 
temperatures in the 3rd quarter significantly 
contributed to explaining the assignment of 
sampling stations to the identified clusters. The 
implementation of more environmental variables 
such as depth, hydrological features and substrate 
characteristics to describe the spatiotemporal 
patterns of fish assemblages might improve 
predictions in future research.  
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Appendix 
 
 Summary 

 
Fisheries worldwide catch a wide variety of fish 
species of which only a fraction has a high economic 
value. Caught species that have little economic 
valuable are considered as bycatch or ‘discards’: 
incidental catches of undesirable size or age classes 
of the target species or the incidental take of non-
target species. When released, discards can be 
unharmed, injured or killed. 
Discards make up a large proportion of the catch and 
are widely regarded as a waste of valuable biological 
resources. From an ecological point of view, discards 
are seen as a hindrance to rebuilding fish stocks that 
can potentially lead to a reduced species diversity 
and can change predator-prey interactions. 
Therefore, measures that aim to reduce discards are 
deemed valuable. 
Some management measures have been identified: 
(1) direct fishing effort restrictions through input 
control, (2) gear-based measures, (3) discard 
utilisation and (4) spatial measures. This last 
management option was investigated in-depth in 
this thesis. 
Spatial management measures aim to protect 
vulnerable ecosystems, populations, species or 
cohorts. This can be done by closing certain areas 
seasonally or permanent for fisheries (so-called 
‘MPAs’ or ‘Marine Protected Areas’). Another option 
is to focus fishing effort in areas with high 
abundances of the target species and low 
abundances of bycatch species. 
The main goals of this study were  

- to identify recurrent spatial assemblages or 
clusters of demersal fish species based on 
biomass measurements, 

- to examine the spatiotemporal variations of 
these clusters, 

- to identify species that are key in explaining 
the cluster patterns, 

- to examine differences in the 
spatiotemporal distribution of marketable 
and undersized commercial species, 

- to analyse spatiotemporal patterns of 
diversity and evenness, and 

- to map the explanatory values of the 
environmental variables for the different 
clusters. 

All analyses in this study were done using scientific 
data from the southern North Sea obtained from 
beam trawl surveys (ICES DATRAS database). The BTS 
surveys have been carried out each year since the 
1990s and provide researchers with an extensive 
dataset of demersal fish species in the North Sea. 
Supplementary environmental data such as surface 
net primary production, surface temperature and 
surface salinity are included in these datasets. 
Research was focused on the southern North Sea. 
A multivariate analysis on biomass measurements 
was carried out. By applying a ‘PCA’ or ‘Principal 
Components Analysis’, the multidimensionality of 
the DATRAS dataset was reduced. A distinction was 
made between commercial and non-commercial fish 
species and between marketable and undersized 
commercial specimens. Using a cluster analysis, 
clusters of sampling stations were described, based 
on the biomass of the occurring fish species. A 
multinomial logistic regression was performed to 
analyse the explanatory value of environmental 
variables for the identified clusters. 
Several species assemblages were identified: 
clusters dominated by plaice and dab were generally 
found in the eastern parts of the southern North Sea, 
while clusters characterised by sole and catshark 
were typical for the western parts of the southern 
North Sea. Marketable and undersized individuals of 
the same species often contributed to the same 
cluster, although some exceptions were found. The 
spatial pattern of the clusters was consistent, but the 
temporal variation of the clusters showed more 
variation. 
Differentiating between marketable and undersized 
specimens of commercially sold species proved to be 
an easy to implement addition to the multivariate 
analysis. This gives interesting prospects for future 
research using a multivariate analysis. 
Six fish species were identified as key contributors to 
the observed cluster patterns: dab, whiting, lemon 
sole, plaice, sole and catshark. This selection of 
species sufficed to describe the spatiotemporal 
patterns of the identified clusters, indicating that 
large-scale cluster patterns were determined by a 
limited number of species. Species richness, diversity 
and evenness were higher near the coasts than in the 
offshore areas of the southern North Sea. 
Surface net primary production, surface 
temperature and surface salinity in the 3rd quarter 
of the year all contributed significantly to assigning 
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sampling stations to a certain cluster. A match was 
found between the observed values of the 
environmental variables for each cluster and the 
predicted categorization based on those same 
environmental variables. The low values of these 
probabilities suggest that each environmental 
variable alone was not sufficient to accurately 
predict the assigned clusters. Implementing more 
environmental variables such as depth, hydrological 
features and substrate characteristics should 
improve predictions in future research. 
 

 Dutch translation of the summary 
 
Visserijen vangen wereldwijd een grote variëteit aan 
vissoorten. Slechts een klein deel van die soorten 
heeft een hoge economische waarde. De overige 
soorten worden beschouwd als bijvangst of 
‘discards’: vangsten van een ongewenste lengte- of 
leeftijdsklasse van de doelsoort of de onopzettelijke 
vangst van soorten waarop niet gevist werd. 
Wanneer bijvangst vrijgelaten wordt, kan dat 
ongedeerd gebeuren, maar veelal is de bijvangst 
beschadigd of dood. 
‘Discards’ vormen een groot deel van de vangst en 
worden algemeen gezien als een verspilling van 
waardevolle biologische rijkdommen. Vanuit een 
ecologisch standpunt staan ‘discards’ de heropbouw 
van visbestanden in de weg, wat kan leiden tot een 
verminderde soortenrijkdom en gewijzigde 
interacties tussen predatoren en prooien. Daarom is 
er grote interesse in maatregelen die pogen 
‘discards’ te verminderen. 
Verschillende maatregelen om ‘discards’ te 
vermijden werden al geïdentificeerd: (1) een directe 
invloed op visserij-inspanningen door het beperken 
van vangsten, (2) maatregelen die restricties op 
visserijmethoden opleggen, (3) het gebruik van 
‘discards’ en (4) ruimtelijke maatregelen. Deze 
laatste optie werd in detail besproken in deze thesis. 
Ruimtelijke maatregelen trachten om kwetsbare 
ecosystemen, populaties, soorten of cohorten te 
beschermen. Dit kan gedaan worden door bepaalde 
regio’s te sluiten voor visserij, dan wel tijdelijk, dan 
wel permanent (zogenaamde ‘MPAs’ of ‘Marine 
Protected Areas’). Een andere mogelijkheid is om 
visserij-inspanningen te focussen op gebieden met 
een hoge densiteit van de beviste soort en lage 
densiteiten van bijvangstsoorten. 

De belangrijkste doelstellingen van deze thesis 
waren om: 

- terugkerende ruimtelijke groepen of clusters 
van vissoorten bij de zeebodem te 
identificeren op basis van biomassa-
metingen, 

- de ruimtelijke en temporele variaties van die 
clusters te analyseren, 

- soorten te identificeren die belangrijk zijn 
om de clusters te definiëren, 

- verschillen in ruimtelijke en temporele 
variatie van maatse en ondermaatse 
commerciële vissoorten te bekijken,  

- de ruimtelijke en temporele patronen van 
soortenrijkdom, -diversiteit en -gelijkheid te 
analyseren en om 

- na te gaan welke omgevingsvariabelen 
belangrijk zijn voor de verschillende clusters. 

Alle analyses in deze studie werden uitgevoerd met 
behulp van wetenschappelijke data afkomstig van de 
boomkorsurveys (ICES DATRAS dataset) die jaarlijks 
uitgevoerd worden in de Noordzee sinds de jaren 
‘90. Die boomkorsurveys voorzien wetenschappers 
van een uitgebreide dataset van bodemvissoorten. 
De dataset bevat ook omgevingsvariabelen zoals 
primaire productie aan de oppervlakte, 
oppervlaktetemperatuur en oppervlaktesaliniteit. 
Het onderzoek in deze thesis werd uitgevoerd met 
een focus op de zuidelijke Noordzee. 
Een multivariate analyse werd uitgevoerd waarbij 
een ‘PCA’ of ‘Principiële Componenten Analyse’ 
werd toegepast. Hiermee werd de 
multidimensionaliteit van de DATRAS dataset 
verminderd. Er werd daarbij ook een onderscheid 
gemaakt tussen commerciële en niet-commerciële 
soorten en tussen maatse en ondermaatse 
commerciële individuen. Met behulp van een cluster 
analyse werden clusters van staalname-stations 
beschreven, op basis van de biomassa van de 
vissoorten gevangen op dat station. Een 
multinomiale logistische regressie werd toegepast 
om na te gaan welke rol de omgevingsvariabelen 
speelden in de toekenning van de verschillende 
clusters.  
Verschillende soortenverzamelingen werden 
geïdentificeerd: clusters gedomineerd door schol en 
schar werden voornamelijk gevonden in de 
oostelijke delen van de zuidelijke Noordzee, terwijl 
clusters die gekenmerkt werden door tong en 
hondshaai voornamelijk in de westelijke delen van 
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de zuidelijke Noordzee aangetroffen werden. 
Maatse en ondermaatse individuen van dezelfde 
soort droegen veelal bij tot dezelfde clusters, al 
werden enkele uitzonderingen gevonden. De 
ruimtelijke verspreiding van de clusters was 
consistent, maar de temporele variatie van de 
clusters vertoonde meer variatie. 
Het onderscheid tussen maatse en ondermaatse 
individuen van commercieel verkochte soorten was 
makkelijk te implementeren in de multivariate 
analyse. Dit geeft interessante mogelijkheden voor 
toekomstig onderzoek waarbij multivariate analyses 
toegepast worden. 
Zes vissoorten kwamen uit de analyse naar voor als 
soorten die belangrijk waren voor het 
geobserveerde clusterpatroon: schar, wijting, 
tongschar, schol, tong en hondshaai. Deze selectie 
van vissoorten volstond om de ruimtelijke en 
temporele patronen van de geïdentificeerde clusters 
te beschrijven. Dit geeft aan dat grootschalige 
clusterpatronen grotendeels bepaald worden door 
een beperkt aantal soorten. Soortenrijkdom, -
diversiteit en -gelijkheid waren over het algemeen 
hoger nabij de kusten van de zuidelijke Noordzee 
dan in regio’s die meer zeewaarts liggen. 

Primaire productie aan de oppervlakte, 
oppervlaktetemperatuur en oppervlaktesaliniteit 
(allemaal in het derde kwartaal) droegen significant 
bij aan het toekennen van een staalname-station aan 
een bepaalde cluster. Er werd een overeenkomst 
gevonden tussen de waargenomen waarden van de 
omgevingsvariabelen voor iedere cluster en de 
voorspelde indeling in de clusters op basis van 
diezelfde omgevingsvariabelen. De lage waarden van 
deze waarschijnlijkheden geven aan dat iedere 
individuele omgevingsvariabele niet voldeed om 
accuraat de toegewezen cluster te voorspellen. De 
implementatie van meer omgevingsvariabelen in 
toekomstig onderzoek zoals diepte, hydrologische 
kenmerken en bodem- en substraatkenmerken zou 
voorspellingen moeten verbeteren. 
 

 Laymen summary 
 
A video of about 4 minutes and 30 seconds was 
uploaded to Plato. In this video, the goals and the 
methodology of the Beam Trawl Surveys that was 
highlighted in Material and methods is illustrated 
using footage from the RV Belgica in the 3rd quarter 
of 2019. 

 
 List of used R packages (in alphabetical order) 

 

Package name Usage Link 

car Levene’s test to test for 
homogeneity of 
variances and to 
perform ANOVA’s 

https://cran.r-
project.org/web/packages/car/index.html 

data.table Extension of 
‘data.frame’ for fast 
aggregation of large 
data 

https://cran.r-
project.org/web/packages/data.table/index.html 

dplyr Fast and consistently 
editing data frames 

https://cran.r-
project.org/web/packages/dplyr/index.html 

factoextra Extension of 
‘FactoMineR’ for 
visualizing multivariate 
data analyses 

https://cran.r-
project.org/web/packages/factoextra/index.html 

FactoMineR Multivariate exploratory 
data analysis 

https://cran.r-
project.org/web/packages/FactoMineR/index.html 

ggplot2 Elegant, detailed 
plotting with high 

https://cran.r-
project.org/web/packages/ggplot2/index.html 

https://cran.r-project.org/web/packages/car/index.html
https://cran.r-project.org/web/packages/car/index.html
https://cran.r-project.org/web/packages/data.table/index.html
https://cran.r-project.org/web/packages/data.table/index.html
https://cran.r-project.org/web/packages/dplyr/index.html
https://cran.r-project.org/web/packages/dplyr/index.html
https://cran.r-project.org/web/packages/factoextra/index.html
https://cran.r-project.org/web/packages/factoextra/index.html
https://cran.r-project.org/web/packages/FactoMineR/index.html
https://cran.r-project.org/web/packages/FactoMineR/index.html
https://cran.r-project.org/web/packages/ggplot2/index.html
https://cran.r-project.org/web/packages/ggplot2/index.html
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Package name Usage Link 

precision and extensive 
control 

ggpubr Extension of ‘ggplot2’ 
for combining multiple 
plots 

https://cran.r-
project.org/web/packages/ggpubr/index.html 

ggrepel Extension of ‘ggplot2’ 
for annotating and 
labelling plots 

https://cran.r-
project.org/web/packages/ggrepel/index.html 

gridExtra Arranging multiple plots 
on a page 

https://cran.r-
project.org/web/packages/gridExtra/index.html 

icesDatras Interface to access the 
web services of the ICES 
DATRAS trawl survey 
database 

https://cran.r-
project.org/web/packages/icesDatras/index.html 

lemon Extension of ‘ggplot2’ 
for repeating axis lines 
and tick labels on all 
facets of a plot 

https://cran.r-
project.org/web/packages/lemon/index.html 

maptools Tools for handling 
spatial objects 

https://cran.r-
project.org/web/packages/maptools/index.html 

nnet Multinomial logistic 
regression 

https://cran.r-
project.org/web/packages/nnet/index.html 

openxlsx Reading and writing xlsx 
files (Excel) 

https://cran.r-
project.org/web/packages/available_packages_by_nam
e.html 

pheatmap Detailed control of 
heatmaps 

https://cran.r-
project.org/web/packages/pheatmap/index.html 

randomcoloR Generating colour 
palettes 

https://cran.r-
project.org/web/packages/randomcoloR/index.html 

raster Handling and 
transforming spatial 
data 

https://cran.r-
project.org/web/packages/raster/index.html 

RColorBrewer Colour schemes for 
plots 

https://cran.r-
project.org/web/packages/RColorBrewer/index.html 

reshape Restructuring and 
aggregation of data 

https://cran.r-
project.org/web/packages/reshape/index.html 

rgdal Handling and 
transforming spatial 
data 

https://cran.r-
project.org/web/packages/rgdal/index.html 

Rgeos Handling and 
transforming spatial 
data 

https://cran.r-
project.org/web/packages/rgeos/index.html 

sp Handling and 
transforming spatial 
data 

https://cran.r-project.org/web/packages/sp/index.html 

https://cran.r-project.org/web/packages/ggpubr/index.html
https://cran.r-project.org/web/packages/ggpubr/index.html
https://cran.r-project.org/web/packages/ggrepel/index.html
https://cran.r-project.org/web/packages/ggrepel/index.html
https://cran.r-project.org/web/packages/gridExtra/index.html
https://cran.r-project.org/web/packages/gridExtra/index.html
https://cran.r-project.org/web/packages/icesDatras/index.html
https://cran.r-project.org/web/packages/icesDatras/index.html
https://cran.r-project.org/web/packages/lemon/index.html
https://cran.r-project.org/web/packages/lemon/index.html
https://cran.r-project.org/web/packages/maptools/index.html
https://cran.r-project.org/web/packages/maptools/index.html
https://cran.r-project.org/web/packages/nnet/index.html
https://cran.r-project.org/web/packages/nnet/index.html
https://cran.r-project.org/web/packages/available_packages_by_name.html
https://cran.r-project.org/web/packages/available_packages_by_name.html
https://cran.r-project.org/web/packages/available_packages_by_name.html
https://cran.r-project.org/web/packages/pheatmap/index.html
https://cran.r-project.org/web/packages/pheatmap/index.html
https://cran.r-project.org/web/packages/randomcoloR/index.html
https://cran.r-project.org/web/packages/randomcoloR/index.html
https://cran.r-project.org/web/packages/raster/index.html
https://cran.r-project.org/web/packages/raster/index.html
https://cran.r-project.org/web/packages/RColorBrewer/index.html
https://cran.r-project.org/web/packages/RColorBrewer/index.html
https://cran.r-project.org/web/packages/reshape/index.html
https://cran.r-project.org/web/packages/reshape/index.html
https://cran.r-project.org/web/packages/rgdal/index.html
https://cran.r-project.org/web/packages/rgdal/index.html
https://cran.r-project.org/web/packages/rgeos/index.html
https://cran.r-project.org/web/packages/rgeos/index.html
https://cran.r-project.org/web/packages/sp/index.html
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Package name Usage Link 

stringr Quick and intuitive 
string manipulation 

https://cran.r-
project.org/web/packages/stringr/index.html 

tidyr Pivoting datasets in 
preparation of plotting 

https://cran.r-
project.org/web/packages/tidyr/index.html 

userfriendlyscience Games-Howell post-hoc 
tests on ANOVA output 

https://cran.r-
project.org/web/packages/userfriendlyscience/index.ht
ml 

vegan Community ecology 
package for calculating 
diversity and evenness 
indices 

https://cran.r-
project.org/web/packages/vegan/index.html 

viridis Colour schemes that are 
easier to read by those 
with colour-blindness 

https://cran.r-
project.org/web/packages/viridis/index.html 

vmstools Shapefiles of the North 
Sea 

http://nielshintzen.github.io/vmstools/ 

worms Retriving aphia 
information from 
WoRMS 

https://cran.r-
project.org/web/packages/available_packages_by_nam
e.html 

worrms Searching names of 
species by name or 
common name on 
WoRMS 

https://cran.r-
project.org/web/packages/worrms/index.html 

 
 Summary of used R scripts 

 
### Scripts work when all listed packages are installed and loaded; the 

correct working directory is set 

 

######################################################################### 

 

### Downloading ICES DATRAS Beam Trawl datasets 

# 'HH' is haul data 

HH_BTS = icesDatras::getDATRAS(record = "HH", survey = "BTS", years = 

2006:2018, quarters = 3) 

# 'HL' is length data 

HL_BTS = icesDatras::getDATRAS(record = "HL", survey = "BTS", years = 

2006:2018, quarters = 3) 

 

######################################################################### 

 

### Focusing the dataset on ICES area 27.4.c and creating the dataset 

# Loading a shapefile (.shp) with ICES borders 

ICES_borders = 

rgdal::readOGR("C:/WORKING_DIRECTORY/ICES_Areas_20160601_cut_dense_3857.s

hp") 

  

https://cran.r-project.org/web/packages/stringr/index.html
https://cran.r-project.org/web/packages/stringr/index.html
https://cran.r-project.org/web/packages/tidyr/index.html
https://cran.r-project.org/web/packages/tidyr/index.html
https://cran.r-project.org/web/packages/userfriendlyscience/index.html
https://cran.r-project.org/web/packages/userfriendlyscience/index.html
https://cran.r-project.org/web/packages/userfriendlyscience/index.html
https://cran.r-project.org/web/packages/vegan/index.html
https://cran.r-project.org/web/packages/vegan/index.html
https://cran.r-project.org/web/packages/viridis/index.html
https://cran.r-project.org/web/packages/viridis/index.html
http://nielshintzen.github.io/vmstools/
https://cran.r-project.org/web/packages/available_packages_by_name.html
https://cran.r-project.org/web/packages/available_packages_by_name.html
https://cran.r-project.org/web/packages/available_packages_by_name.html
https://cran.r-project.org/web/packages/worrms/index.html
https://cran.r-project.org/web/packages/worrms/index.html
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# Converting the shapefile to a file that is usable in R  

ICES_borders = rgdal::spTransform(ICES_borders, CRS("+proj=longlat 

+datum=WGS84")) 

# Limiting the shapefile to ICES area 27.4.c 

ICES_borders = ICES_borders[ICES_borders$Area_Full %in% c("27.4.c"), ] 

# Removing the points that are outside of the polygon of interest and 

intersecting ICES_borders with HH_BTS 

HH_BTS = sp::SpatialPointsDataFrame(as.matrix(HH_BTS[, c("ShootLong", 

"ShootLat")]),  

                                    data = HH_BTS, proj4string = 

CRS("+proj=longlat +datum=WGS84")) 

HH_BTS = raster::intersect(HH_BTS, ICES_borders) 

# Joining the HH and HL datasets 

dataset = HL_BTS %>% dplyr::select(Country, Ship, Gear, StNo, HaulNo, 

Year, SpecCode, TotalNo, NoMeas,  

                                   SubWgt, CatCatchWgt, LngtCode, 

LngtClass, HLNoAtLngt, Valid_Aphia) %>%  

  dplyr::left_join(HH_BTS) 

 

######################################################################### 

 

### Quality checks and basic transformations of the dataset 

## Making the length classes uniform (some countries measure the fish 

lengths in mm, others in cm) 

dataset = dataset %>% dplyr::mutate(LngtClass = ifelse(LngtCode == "1", 

LngtClass, LngtClass/10))                

## Adding beam trawl width to dataset 

dataset = dataset %>%  

  dplyr::mutate(width = case_when(Gear == "BT8" ~ 8,  

                                  Gear == "BT4A" ~ 4,  

                                  Gear == "BT4AI" ~ 4,  

                                  Gear == "BT7" ~ 7,  

                                  Gear == "BT4S" ~ 4)) 

## Manually setting the groundspeed while fishing to 4 knots if it was 

not recorded  

dataset$GroundSpeed[dataset$GroundSpeed == -9] = 4 

## Adding scientific names to dataset 

# Retrieving AphiaRecords from WoRMS for all unique AphiaIDs in the 

dataset 

species_list = worms::wormsbyid(unique(c((dataset$Valid_Aphia)))) 

species_list = species_list %>% dplyr::select(Valid_Aphia = AphiaID, 

scientificname) 

# Adding the AphiaRecords to the dataset  

dataset = dataset %>% dplyr::left_join(species_list, by = "Valid_Aphia") 

 

######################################################################### 

 

### Weigth-length conversions 

## Formula for the length-weight conversion 

conversion = function(LngtClass, a, b) { 

  IndWgt_g = a * (LngtClass) ^ b    

  print(IndWgt_g) } 
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## Loading a dataset with 'a' and 'b' parameters derived from Silva et 

al. 2013 

keys = read.csv("FISH_SPECIES_FOR_LENGTH_WEIGHT_KEYS.csv", header = TRUE, 

sep = ";", dec = ".") 

# Making a gravimetric dataset by adding the keys to the dataset  

bts_wgt = merge(dataset, keys, by = "scientificname") 

# Adding a row-id needed for the length-weight conversion 

bts_wgt = bts_wgt %>% dplyr::mutate(ID = rownames(dataset)) 

## Actual length-weight conversion 

bts_wgt = data.table::setDT(bts_wgt)[, IndWgt_g := conversion(LngtClass = 

LngtClass, a = a, b = b), by = ID] 

 

######################################################################### 

 

### Division between commercial and non-commercial species 

## Loading a dataset with commercial species and a dataset with MCRS 

values of those commercial species 

commspp = readRDS("commspp.RDS") 

MCRS = read.csv("MCRS.csv", header = TRUE, sep = ";", dec = ".") 

# Adding the MCRS values to the dataset 

dataset = dplyr::left_join(dataset, MCRS, by = "scientificname") 

# Adding a variable titled 'commspp' to the dataset, indicating whether 

the species is a commercially sold species 

dataset = dataset %>% dplyr::mutate(commspp = ifelse(scientificname %in% 

commspp, "commercial", "non-commercial"), 

                                    # Make a variable to discriminate 

between the marketable and undersized individuals 

                                    below_mcrs = ifelse(is.na(mcrs), 

"NO_MCRS", LngtClass < mcrs_cm), 

                                    # Change the 'scientificname' 

variable by adding a suffix 

                                    scientificname_mcrs = 

ifelse(below_mcrs == "NO_MCRS", scientificname, 

                                                                

ifelse(below_mcrs, 

                                                                       

paste0(scientificname, "_below_mcrs"), 

                                                                       

paste0(scientificname, "_marketable")))) 

 

######################################################################### 

 

### CPUE calculations 

## Calculating the surface area swept during a haul  

# Knots are converted to km/h and used in the calculation; the unit of 

sweptarea is km^2 

dataset = dataset %>% dplyr::mutate(sweptarea = (width 

*((GroundSpeed/(HaulDur/60))*1852))/1000000) 

## Actual CPUE calculations 

# Grouping by year, sampling station, unique haul and species 

dataset = dataset %>% dplyr::group_by(Year, StNo, HaulNo, scientificname) 

%>% 

  # Calculating the total haul weight for that grouping 
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  dplyr::summarize(HLWgtAtLngt_g = sum(HLWgtAtLngt_g, na.rm = TRUE)) %>% 

  # Dividing by the swept area to get the CPUE and creating a 'haul_id' 

variable to differentiate between individual hauls 

  dplyr::mutate(HLWgtAtLngt_g_per_sqkm = HLWgtAtLngt_g / sweptarea, 

                haul_id = paste(Year, Area_27, rect, StNo, HaulNo, sep = 

"_")) 

 

######################################################################### 

 

### PCA 

## Data preparation before PCA 

# Transposing and transforming the dataset 

PCA_dataset = data.table::dcast(dataset, haul_id ~ scientificname, 

              fun.agg = function(x) ifelse(all(x == 0), 0, mean(x, na.rm 

= TRUE)), 

              value.var = "HLWgtAtLngt_g_per_sqkm") 

# Applying a 4th root transformation to the CPUE values 

PCA_dataset = cbind(PCA_dataset[, 1], sqrt(sqrt(PCA_dataset[, -1]))) 

## PCA 

# Running the PCA 

rez = FactorMineR::PCA(PCA_dataset[, -1]) 

 

######################################################################### 

 

### Clustering 

## Setting the number of clusters 

nr_clust = 10 

## Running the cluster analysis 

cah = FactorMineR::HCPC(rez, nb.clust = nr_clust, graph = FALSE) 

## Making a heatmap 

nr_topspp = 20 

clusdes = cah$desc.var$quanti 

clus_spp= data.frame(spp = sort(unique(Reduce(c, lapply(clusdes, 

rownames))))) 

means = lapply(clusdes, "[", "Mean in category") 

for (i in 1:nr_clust){ 

  clus_spp[,paste0("clus", i)] = means[[i]][match(clus_spp$spp, 

names(means[[i]]))] 

} 

clus_spp[is.na(clus_spp)] = 0 

rownames(clus_spp) = clus_spp$spp 

plot_clus_spp = round(clus_spp[,grepl("clus", names(clus_spp))], 2) 

pheat = pheatmap(plot_clus_spp[rownames(plot_clus_spp) %in% top_spp, ], 

display_numbers = T, legend = F) 

 

######################################################################### 

 

### Diversity and evenness calculations 

## Calculations are made per year and per sampling station 

## Removing empty station information and transforming the dataset 

dataset = bts %>% drop_na(StNo) 

transformed = dataset 

transformed = transformed %>% 



34 Manu Claessens Appendix 

 

  dplyr::mutate(ID = row_number(), filler = 1) %>% 

  dplyr::ungroup() %>% 

  # "spread" turns a dataset with a few columns and a lot of rows into 

  # a dataset with a few rows and a lot of columns 

  tidyr::spread(scientificname, filler) %>%  

  dplyr::select("StNo", "Year", c(85:213)) %>% 

  dplyr::mutate_at(vars(-StNo), as.numeric) %>% 

  dplyr::group_by(StNo, Year) %>% 

  dplyr::summarise_all(sum, na.rm = TRUE) 

## Calculations per index 

N0_calculations = ddply(transformed, ~StNo+Year, function(x) 

{data.frame(N0 = vegan::specnumber(x[-1]))}) 

N1_calculations = ddply(transformed, ~StNo+Year, function(x) 

{data.frame(N1 = exp(vegan::diversity(x[-1], index = "shannon")))}) 

N2_calculations = ddply(transformed, ~StNo+Year, function(x) 

{data.frame(N2 = vegan::diversity(x[-1], index = "invsimpson"))}) 

J_calculations = ddply(transformed, ~StNo+Year, function(x) {data.frame(J 

= (vegan::diversity(x[-1], index = "shannon")) / 

log(vegan::specnumber(x[-1])))}) 

## Merging with the dataset 

dataset = left_join(x = dataset, y = N0_calculations, by = c("StNo", 

"Year")) 

dataset = left_join(x = dataset, y = N1_calculations, by = c("StNo", 

"Year")) 

dataset = left_join(x = dataset, y = N2_calculations, by = c("StNo", 

"Year")) 

dataset = left_join(x = dataset, y = J_calculations, by = c("StNo", 

"Year")) 

 

######################################################################### 

 

### ANOVAs and post-hoc tests 

## ANOVA to test differences between the different clusters 

NPP_ANOVA = car::aov(data = dataset, nppv_depth_0~clust) 

SurTemp_ANOVA = car::aov(data = dataset, SurTemp~clust) 

SurSal_ANOVA = car::aov(data = dataset, SurSal~clust) 

## Levene's test to test for homogeneity of variances 

NPP_leveneTest = car::leveneTest(nppv_depth_0~clust, data = dataset) 

SurTemp_leveneTest = car::leveneTest(SurTemp~clust, data = dataset) 

SurSal_leveneTest = car::leveneTest(SurSal~clust, data = dataset) 

## Non-parametric Games-Howell post-hoc test  

NPP_games_howell = userfriendlyscience::oneway(x = dataset$clust, y = 

dataset$nppv_depth_0, posthoc = "games-howell") 

SurTemp_games_howell = userfriendlyscience::oneway(x = dataset$clust, y = 

dataset$SurTemp, posthoc = "games-howell") 

SurSal_games_howell = userfriendlyscience::oneway(x = dataset$clust, y = 

dataset$SurSal, posthoc = "games-howell") 

 

######################################################################### 

 

### Multinomial logistic regression 

## Model selection 

# Definition of a base model and the full model 
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base_model = nnet::multinom(clust ~ 1, data = dataset) 

full_model = nnet::multinom(clust ~ SurTemp + SurSal + nppv_depth_0, data 

= dataset) 

# Automatic stepwise (forward and backwards) selection of the best 

fitting model by comparing AIC values 

step(base_model, scope = list(upper = full_model, lower = ~1), direction 

= "both", trace = TRUE) 

## Model results 

# Summary of the multinomial logistic model 

summary(full_model) 

# Analysis of the ratio of the coefficients over the SE values 

z = summary(full_model)$coefficients/summary(full_model)$standard.errors 

# 2-tailed z-test 

p = (1 - pnorm(abs(z), 0, 1)) * 2 

p 

## Probabilities of assigning a sampling station to a certain cluster 

# Averaged predicted probabilities for different values of the continuous 

predictor variable while keeping the other variables constant 

dNPP = data.frame(nppv_depth_0 = rep(c(0:170)), SurTemp = 

mean(dataset$SurTemp), SurSal = mean(dataset$SurSal)) 

pp.NPP = cbind(dNPP, predict(full_model, newdata = dNPP, type = "probs", 

se = TRUE)) 

NPP_plot_data = pp.NPP %>% 

  tidyr::pivot_longer(cols = c(4:13), names_to = "clust", values_to = 

"Probability") 

NPP_probability_plot = ggplot(NPP_plot_data, aes(x = nppv_depth_0, y = 

Probability)) +  

  geom_line() + lemon::facet_rep_wrap(as.numeric(clust)~., scales = 

"free_y", ncol = 1) + theme_bw() + 

  theme(axis.text.x = element_text(angle = 90, vjust = 0.5, hjust = 1), 

panel.grid.minor = element_blank()) + 

  scale_x_continuous(limits = c(0, 170), breaks = seq(0, 170, 10), expand 

= c(0, 0)) + 

  xlab(expression("NPP at the surface (mgC m"^-2*"day"^-1*")")) + 

ylab("") 

dSurTemp = data.frame(SurTemp = rep(c(14:22)), nppv_depth_0 = 

mean(dataset$nppv_depth_0), SurSal = mean(dataset$SurSal)) 

pp.SurTemp = cbind(dSurTemp, predict(full_model, newdata = dSurTemp, type 

= "probs", se = TRUE)) 

SurTemp_plot_data = pp.SurTemp %>% 

  tidyr::pivot_longer(cols = c(4:13), names_to = "clust", values_to = 

"Probability") 

SurTemp_probability_plot = ggplot(SurTemp_plot_data, aes(x = SurTemp, y = 

Probability)) + 

  geom_line() + lemon::facet_rep_wrap(as.numeric(clust)~., scales = 

"free_y", ncol = 1) + theme_bw() + 

  theme(axis.text.x = element_text(angle = 90, vjust = 0.5, hjust = 1), 

panel.grid.minor = element_blank()) + 

  scale_x_continuous(limits = c(14, 22), breaks = seq(14, 22, 0.5), 

expand = c(0, 0)) +  

  xlab("Surface temperature (°C)") + ylab("") 

dSurSal = data.frame(SurSal = rep(c(31:39)), nppv_depth_0 = 

mean(dataset$nppv_depth_0), SurTemp = mean(dataset$SurTemp)) 
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pp.SurSal = cbind(dSurSal, predict(full_model, newdata = dSurSal, type = 

"probs", se = TRUE)) 

SurSal_plot_data = pp.SurSal %>% 

  tidyr::pivot_longer(cols = c(4:13), names_to = "clust", values_to = 

"Probability") 

SurSal_probability_plot = ggplot(SurSal_plot_data, aes(x = SurSal, y = 

Probability)) +  

  geom_line() + lemon::facet_rep_wrap(as.numeric(clust)~., scales = 

"free_y", ncol = 1) + theme_bw() + 

  theme(axis.text.x = element_text(angle = 90, vjust = 0.5, hjust = 1), 

panel.grid.minor = element_blank()) +  

  scale_x_continuous(limits = c(31, 39), breaks = seq(31, 39, 0.5), 

expand = c(0, 0)) +  

  xlab("Surface salinity (PSU)") + ylab("") 

 

######################################################################### 

 


