Received: 12 May 2022

Revised: 1 September 2022

W) Check for updates

Accepted: 13 December 2022

DOI: 10.1002/aqc.3912

RESEARCH ARTICLE

WILEY

A machine learning model and biometric transformations to
facilitate European oyster monitoring

Santiago E. A. Pineda-Metz

Alfred Wegener Institute (AWI), Helmholtz
Centre for Polar and Marine Research,
Bremerhaven, Germany

Correspondence

Santiago E. A. Pineda-Metz, Alfred Wegener
Institute (AWI), Helmholtz Centre for Polar
and Marine Research, Bremerhaven, Germany.
Email: sametz@awi.de

Funding information

German Federal Agency for Nature
Conservation, Grant/Award Numbers: FKZ
3520892013, FKZ 3519892016, FKZ
3516892001

Verena Merk | Bernadette Pogoda

Abstract

1.

Ecosystem monitoring, especially in the context of marine conservation and
management requires abundance and biomass metrics, condition indices, and
measures of ecosystem services of key species, all of which can be calculated
using biometric transformation factors.

Following ecosystem restoration measures in the North Sea and north-east
Atlantic waters, European oyster (Ostrea edulis) restoration and its monitoring
have substantially increased over the past decade. Restoration activities are
implemented by diverse approaches and practitioners ranging from governmental
conservation agencies, research institutions and non-governmental institutions to
regional groups, including citizen science projects. Thus, tools for facilitating data
acquisition and estimation with non-destructive techniques can support
monitoring quantitatively and qualitatively.

Weight-to-weight transformation factors for calculating dry weight of O. edulis
from wet weight measurements are presented. Another important tool is the
estimation of weight only from size measurements. The classical approach to
achieve these transformation factors is the construction of allometric models,
which, however, can greatly vary among regions and between years, making them
extremely location/season specific.

Alternative and more flexible models constructed using random forests are
proposed. This algorithm is a machine learning technique that is increasingly used
in ecology, and has been proven to outperform other predictive models. From
biometric variable measurements of 1,401 O. edulis individuals, allometric models
were used to estimate total, shell and body wet weights, and compare them with
15 random forest models.

In general, the random forest models outperformed the allometric ones, with
lower error when estimating weight. The developed random forest models can
thus provide a tool for facilitating oyster restoration monitoring by increasing data
acquisition without the need of sacrificing European oyster individuals. Their
improvement can imply its implementation in other regions and support European

oyster restoration and monitoring efforts throughout Europe.
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1 | INTRODUCTION

The study of aquatic organisms' growth by means of allometric models
including size and weight, has been defined as essential for
conservation and management of living marine resources and for
understanding how, e.g. shellfish populations, are affected by
environmental variations (Sujitha, 2013; Coughlan et al, 2021).
Similarly, research on population dynamics further requires the
calculation of biomass, reproduction and condition indices (Riccardi &
Bourget, 1998), energy production (Brey, Rumohr & Ankar, 1988),
and, in the context of ecosystem services, e.g. blue carbon production
and stocks (Macreadie et al, 2019). All these variables can be
calculated by means of biometric transformation factors (e.g. Brey,
Rumohr & Ankar, 1988; Riccardi & Bourget, 1998).

Even if data are only collected at the population level for size,
weight, abundance and biomass, logistical and planning constraints
greatly limit the time, and thus breadth, of the obtained data and
parameters which could be calculated. In this sense, the publication
and use of allometric regression models (e.g. Orton, 1935; Eklof
et al,, 2017) as well as biometric transformation factors (e.g. Brey,
Rumohr & Ankar, 1988; Riccardi & Bourget, 1998) are relevant tools
to expand the knowledge gained from collected data. The
development of allometric models and transformation factors aims to
allow reuse of data, and estimation of further ecological parameters
and indices when time constraints restrict sampling or laboratory
analyses (Rumohr, Brey & Ankar, 1987; Brey, Rumohr & Ankar, 1988;
Riccardi & Bourget, 1998; Ekl6f et al., 2017).

While of great help, both allometric models and biometric
transformation factors have shortcomings and knowledge gaps
restricting the spatial and temporal extension to which these can be
applied and used. Classical allometric weight-size models have been
shown to be inaccurate for larger individuals of a given species (e.g.
Galtsoff, 1931; Coughlan et al., 2021), to have substantial differences
in model parameters even between closely located regions (Chatterji
et al,, 1985; Powell et al.,, 2016; Petteta et al., 2019) and at different
seasons and years (Froese, 2006; Powell et al., 2016), or are only
described for a restricted number of geographical regions and species
(Froese, 2006; Coughlan et al., 2021). These shortcomings also apply
for biometric transformation factors, which are restricted to specific
regions (e.g. Rumohr, Brey & Ankar, 1987), are too general and/or
only for selected taxa (e.g. Riccardi & Bourget, 1998), or were
calculated from a very limited number of measurements (e.g. some
transformation factors developed by Brey, 2001).

There is a lack of up-to-date and flexible allometric models, as
well as biometric factors for marine regions and species, which are the
focus of conservation management and restoration goals. This lack

results in a considerable monitoring effort being allocated to activities,

which could be facilitated and expedited. Furthermore, it limits the
degree to which data collected by voluntary workers can be used by
scientists. Thus, providing the means to transform size measurements
to weight, and these to biomass, could provide a powerful and useful
tool to facilitate and improve the monitoring effort and output. An
area of application, which can greatly benefit from tools transforming
size measurements to weight data, is the restoration and monitoring
of the European oyster (O. edulis). Following its inclusion in the
Oslo-Paris (OSPAR) Commission's list of endangered species and
habitats (OSPAR, 2009) and its importance as a bioengineering
species providing ecosystem functions and services (Pogoda, 2019),
several European projects have been developed and implemented to
restore and monitor local populations of O. edulis and its habitats in
the North Sea and in north-east Atlantic waters (Pogoda et al., 2019;
Pogoda et al., 2020a; zu Ermgassen et al., 2021).

While there are allometric models published for O. edulis, these
were either developed decades ago (e.g. Orton, 1935; Andreu, 1968)
under environmental regimes that have changed due to
anthropogenic pressure, i.e. they are suboptimal for modern or
restored populations, or were based on data from specific
geographical regions (e.g. Orton, 1935; Andreu, 1968; Aydin &
Biltekin, 2020). The classical approaches to construct allometric
models for fish and shellfish species are based on the power law for
weight-length transformations (Froese, 2006), which is expressed as
W = a L®. Where W is weight, L is length (or other size measurement),
and a and b are constants that can be calculated from the linear
regression of the logarithms of weight and length; Log (W) =a + b
Log (L) (Froese, 2006). While regressions are powerful and
straightforward tools for quantifying the relationship between two
variables, they tend to be too simplistic to represent meaningful
ecological patterns for the dependent variable (De'ath &
Fabricius, 2000; Cutler et al., 2007; Elith, Leathwick & Hastie, 2008).
This is reflected in variations and differences of the values for
constants a and b due to environmental and physiological variability
(e.g. Chatterji et al., 1985; Powell et al., 2016). Due to this effect,
several allometric models have to be developed, even for one specific
region. A modern alternative to circumvent the shortcomings of
classical statistical regressions is the use of machine learning
algorithms.

One machine learning algorithm that is increasingly being used in
ecology is random forest (RF; e.g. Oppel, Strobl & Huettmann, 2009;
Wei et al., 2010; Wang et al., 2016). RF is a mathematical algorithm
developed by Breiman (2001) that can be applied in ecology for
regressions, survival analyses, detecting general multivariate structure
and classification (Prasad, lverson & Liaw, 2006; Cutler et al., 2007;
Elith, Leathwick & Hastie, 2008). RFs have been suggested to
outperform linear methods, especially in cases where strong
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interactions between variables are present (Cutler et al., 2007; Oppel,
Strobl & Huettmann, 2009). Furthermore, RF has been proven to also
outperform other machine learning algorithms (e.g. Wang et al., 2016).
Due to its performance and accuracy, its ability to deal with and use
large sets of independent variables (even when highly correlated), not
being sensitive to overfitting, and its comparably easy use and
application, RF has gained increasing popularity amongst terrestrial
(e.g. Wang et al, 2016; Shah et al, 2019; Rather, Kumar &
Khan, 2021) and marine ecologists (e.g. Oppel, Strobl &
Huettmann, 2009; Miller et al., 2014; Kijewski et al., 2019).

This study is based in the development of allometric and RF
models, as well as weight-to-weight transformation factors that can
be applied in European oyster monitoring and restoration. Against the
background of biogenic reef restoration, European oyster habitats are
currently a key focus of marine landscape restoration as they provide
a wide range of relevant ecosystem functions and services and are
defined as hotspots of biodiversity. Over the past decade, the
activities in the field have increased substantially, including large-scale
restoration attempts, supported by national legislation, European
obligations, as well as by the UN decade on ecosystem restoration.
We address the lack of information on up-to-date and North Sea-
specific transformation factors, by developing a tool, that facilitates
data acquisition in a non-destructive and easy to apply way. The main
objective of the study is to develop and to share tools that facilitate
monitoring tasks in the context of ecological restoration, namely of
European oyster populations.

2 | MATERIAL & METHODS

For the construction of allometric and RF models, and weight-to-
weight transformation factors, a set of size and weight variables, the
location where the oysters were measured/collected, and whether
these were single or clustered individuals (also including the number
of individuals per cluster) were considered. All measurements were
taken between April 2020 and September 2021, within the frame of
several field excursions and expeditions (see Acknowledgements) of
the RESTORE project (Merk, Colsoul & Pogoda, 2020; Pogoda
et al., 2020b; Pineda-Metz et al., 2023). The size variables considered
were shell height (H, umbo hinge to longest edge), length (L, longest
distance across the valve) and width (Wi, maximum distance between
external surfaces of the umbo), these were all measured to the
closest 0.01 mm using a digital caliper (Figure 1). The definitions of L,
Wi and H match those of the European native oyster habitat
restoration monitoring handbook (zu Ermgassen et al., 2021), but
differ from previous studies published within the frame of the
RESTORE Project (e.g. Merk, Colsoul & Pogoda, 2020) and other
studies on allometric models (e.g. Galtsoff, 1931; Mann et al., 2009;
Perez & Santelli, 2018) (Figure 1). The weight variables considered
were total wet and dry weights (TWW and TDW), shell wet and dry
weights (SWW and SDW), and soft tissue wet and dry weights
(BWW and BDW); these were measured to the nearest 0.01 g. The
dry weight data set comprises a combination of: (i) data extracted

Length (mm)
Width (mm)

Height (mm)
Length (mm)

v <€ Hinge
Width (mm)
Height (mm)

FIGURE 1  Graphical representation of the size measures,
including the terminology used in this study (in bold text). The
schematic also provides a comparison with the definitions provided
for the same size measures in other oyster and bivalve studies

(in grey; e.g. Galtsoff, 1931; Mann et al., 2009; Merk, Colsoul &
Pogoda, 2020). Modified from zu Ermgassen et al. (2021).

from a previous study of O. edulis (Merk, Colsoul & Pogoda, 2020);
and (i)

Acknowledgements).

measurements  taken for other studies (see

European oyster individuals included in this study were
reintroduced to two regions of the German North Sea: at three sites
in the proximity of the island of Helgoland (N = 738; Merk, Colsoul &
Pogoda, 2020) and at the pilot oyster reef in the Natura 2000 site
Borkum Reef Ground (BRG, N = 663; Pogoda et al., 2020c; Pineda-
Metz et al., 2023) (Figure 2). For models relating size and weight, the
region in which individuals grew is more important than the
provenance of the individuals. O. edulis individuals considered here
did not originate from but grew in the study regions from 2 mm size.
As such, provenance can be considered a secondary trait and was
thus excluded from this iteration of the models. Further information
such as, origin of the oysters, oyster growth and condition index,
sampling period, experimental set-up, measurements taken, and
environmental setting in the area is provided in Merk, Colsoul &
Pogoda (2020) and Pineda-Metz et al., 2023. O. edulis individuals
were deployed in BRG in 2020 within oyster cages attached to
landers located at ~30 m water depth. Size and weight of these
oysters was measured in September 2021 during the annual
monitoring of the pilot reef located in the area (Pineda-Metz
et al., 2023). Measurements of TDW, SDW and BDW of individuals
sampled in BRG were provided by colleagues from the Alfred
Wegener Institute (see Acknowledgements). In total 1,401 individuals
were measured, from which 1,241 measurements included TWW. For
SWW, 260 measurements were used to calculate constants and
construct the RF models, whereas 130 were used for BWW. The
calculation of weight-to-weight transformation factors was done
considering 130 measurements in which TWW and TDW, SWW and
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SDW, and BWW and BDW were recorded from the same animals.
These factors represent the dry weight to wet weight ratio.

Based on the allometric function W = a H’ (where W = wet
weight in g and H = height in mm), three allometric models for
estimating TWW, three for estimating SWW, and another three for
estimating BWW were developed. In all cases, one model was a general
model considering data from both BRG and Helgoland, and two were
location-specific models (i.e. one per location). Location-specific models
were developed based on the fact that constants of the allometric
model can vary based on location. For estimating TWW, n = 1,241
measurements were considered, whereas for estimating SWW and
BWW, n = 260 and 130 measurements, respectively, were considered.
To test for differences between general and location-specific models,
the terms of the linear form of the allometric function were compared
by means of an analysis of variance (ANOVA).

Fifteen RF models each were developed for estimating TWW
(n = 1,241), SWW (n = 260), and BWW (n = 130). These models
include a combination of the variables H, L, Wi, location and ‘type’
(representing single and clustered oysters; Supporting Information 1).
Size measurements were given as absolute values in mm, whereas
location (two levels: BRG and Helgoland) and type (three levels:
single, clusters of two oyster and clusters three oysters) were
categorical variables. Since location was included as an explanatory
variable, we did not differentiate into data sets as it was done for the
allometric models. For simplicity reasons, these models were named
RF-A to RF-O, based on the combination of variables (Table 1). A
detailed list of allometric and RF models including variable
combinations is provided in Table 1.

For the allometric models, variance explained was represented
with the R? coefficient of the linearized form of the function, Log
(W) = a + b Log (H). The significance of the regression and values for
the constants a and b were also calculated from the linearized form of
the allometric model (Packard, 2014). For the RF models, out-of-bag
data (OOB; i.e. 1/3 of the data provided) were used to calculate the
error and variance explained by the models. Variance explained is also

given as R? and was calculated as R?> = 1 - MSEqog/Var (y), where

MSEqog is the mean square error between observations and OOB
predictions, and Var (y) is the variance of the observed values (Liaw &
Wiener, 2002). While R? is an inadequate measure to fit a non-linear
regression, it is simpler and more intuitive (EkI6f et al., 2017,
Coughlan et al., 2021). Since this study aims to compare allometric
and RF models, the variable contribution plots for all RF models are
provided in Supporting Information 2.

To compare the precision of the allometric and RF models, plots
of observed vs. predicted values were examined, and the mean
absolute error (MAE) of each model was calculated based on the
estimated values calculated from all organisms used for constructing
each model. The MAE is a criterion which shows how close the
estimated values are to the observed ones (Willmontt &
Matsuura, 2005). MAE was chosen rather than the root mean square
error, since it provides a more robust measure of error (Willmontt &
Matsuura, 2005).

All calculations, figures and models were developed using the
packages vegan (Oksanen et al., 2020), randomForest (Liaw &
Wiener, 2002) and ggplot2 (Wickham, 2016) for RStudio (R Core
Team, 2020).

3 | RESULTS

Based on the 130 measurements containing TWW and TDW, SWW
and SDW, and BWW and BDW, the following weight-to-weight
transformation factors were calculated: The mean transformation
ratio for TWW to TDW was 0.662 (standard error (SE) = 0.009), for
SWW to SDW it was 0.718 (SE = 0.006), and for BWW to BDW it
was 0.176 (SE = 0.011).

Apart from the allometric model for BWW of O. edulis individuals
from BRG, all models were significant, with height explaining at least
77.5% of the variance (Table 1). The best fit was found for models
used to estimate TWW, with little difference between general and
location-specific models, same for models to estimate SWW (Figure 3;

Table 2). This was supported by the comparison between constants of
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TABLE 1

Description of allometric and random forest models developed for this study and their corresponding variance explained (R?). While

height (H), width (Wi), and length (L) are numerical variables, type (3 levels: Single, Cluster of two individuals, Cluster of three individuals) and
location (2 levels: Helgoland, Borkum) are categorical variables. The n was different for models to estimate total wet weight (n = 1,241), shell wet

weight (n = 260), and soft tissue wet weight (n = 130).

Independent variable(s) used

Variance explained (R?)

Model Type  Name H(mm) Wi(mm) L(mm) Type
Allometric General X
Helgoland X
BRG X
Random RF-A X
(FF:’Fr)e'St RF-B X X
RF-C X X
RF-D X
RF-E
RF-F X
RF-G X X
RF-H X X
RF-I X X
RF-J X
RF-K X X
RF-L X X X
RF-M X
RF-N X X
RF-O X X X

Abbreviation: BRG, Borkum Reef Ground.

the linear form of the allometric function (i.e. a and b), which showed
no significant differences between the general and the location-
specific models (all P-values >0.05; Table 2). Only the models
estimating BWW showed significant differences between the general
and the location-specific models (all P-values <0.001; Table 2); i.e. soft
tissue growth differs significantly between oysters growing off
Helgoland and those growing in BRG.

The allometric models showed that the European oysters from
BRG and Helgoland have a tendency to show isometric growth
(Table 2), i.e. individuals grow at the same rate in terms of both TWW
and height. This is represented by values of the constant b being close
or equal to 3. This also applies to shell growth based on the general
allometric model, but not for soft tissue growth. In contrast, the
location-specific models for shell and soft tissue wet weights showed
growth to be faster in terms of height than weight (i.e. they get bigger
faster than they get heavier; Table 2). When observing the plots of
estimated vs. observed values, it is evident that the allometric models
lose prediction precision for larger organisms, regardless of the weight
estimated from L (Figure 3).

The 15 RF models developed explained between 55.0 and 83.0%
of the variance (Table 1) when predicting TWW, SWW and BWW.
Due to the nature of the algorithms, no P-values can be provided. For

all models, in which H was included, this was the most important

Total wet weight Shell wet weight Soft tissue wet

Location (TWW;ing) (SWW; in g) weight (BWW; in g)
0.909 0.910 0.800
0.902 0.840 0.806
0.915 0.803 0.021
0.715 0.866 0.662
0.818 0.924 0.783
0.840 0.932 0.810
0.668 0.744 0.613
0.753 0.863 0.756
0.550 0.780 0.591
0.728 0.607 0.540
0.801 0.755 0.664
0.830 0.824 0.716
X 0.705 0.848 0.696
X 0.800 0.907 0.765
X 0.830 0.919 0.796
X 0.638 0.671 0.524
X 0.749 0.772 0.633
X 0.806 0.813 0.705

variable of the models, followed by other size measurements when
available (Supporting Information 2). For the model consisting of L
and Wi, the former was the most important variable (Supporting
Information 2). Both categorical variables (location and type)
contributed the least to the models (Supporting Information 2) and,
when included, resulted in lower prediction precision (Figures 4, 5 &
6) and larger MAE (Table 3). This could point to both categorical
variables, location and type, to act as (statistical) noise variables,
increasing predictive error in the RF models. Although the variance
explained (R?) by the RF models was lower than that of the allometric
models (Tables 1 & 2), the MAE of the RF models including one or
more size measurements were lower than that of the allometric
models (Table 3).

Based on the plots of estimated vs. observed TWW, SWW and
BWW values, differences in the precision of prediction can be
observed. This includes differences between allometric and RF
models (Figures 3, 4, 5 & 6), as well as between different RF models
(Figures 4, 5 & 6). The allometric models for estimating TWW showed
a rather large spread compared to RF models A-F, G/H, I-L and O
(Figures 3 & 4). This is also reflected by the larger MAE that the
general allometric model has (MAE = 5.78 g; Table 3) compared to
that of most RF models including only size measures (MAE ranges

from 2.13 to 4.28 g; Table 3). The same can be observed when
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Estimated vs. observed total, shell, and soft tissue wet weights (n = 1,241; 260; 130, respectively) for the general and location-
specific allometric models. Estimations were calculated based on the general allometric model W = g HP.

Estimated variable
Total wet weight

Shell wet weight

Soft tissue wet weight*
Total wet weight

Shell wet weight

Soft tissue wet weight*
Total wet weight

Shell wet weight

Soft tissue wet weight*

Constant a

9.69 x 107°
8.31 x 10™*
1.05 x 1074
6.53 x 107°
2.60 x 10~*
1.05 x 10°*
8.09 x 107°
6.08 x 107>
146 x 1074

Constant b

3.00
246
249
3.08
261
0.73
3.04
3.03
241

Abbreviations: BRG, Borkum Reef Ground; a, intercept; b, allometric constant.
*Significantly different between each other at P < 0.001.

comparing the location-specific allometric models to most size-

measures-RF models to predict location specific values (Table 3). The

RF model including only size measures that performed worse than the

R2

0.902
0.840
0.806
0.915
0.803
0.021
0.908
0.884
0.775

TABLE 2 Constants, variance
explained (R?) and significance values for
general and location-specific allometric
models to estimate total, shell, and soft
tissue wet weights. All R? were
significant at P < 0.001.

allometric models was RF-F, which included only Wi in mm. Similar

observations of spread and differences in MAE can be observed when

comparing the allometric models to estimate SWW or BWW to RF
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FIGURE 4

Estimated vs. observed total wet weight (TWW) based on 15 random forest models (n = 1,241). The models predict TWW based

on: (a) oyster height (in mm); (b) oyster height (in mm) and width (in mm); (c) oyster height (in mm), width (in mm) and length (in mm); (d) oyster
length (in mm); (e) oyster length (in mm) and width (in mm); (f) oyster width (in mm); (g) oyster height (in mm) and type; (h) oyster height (in mm),
width (in mm) and type; (i) oyster height (in mm), width (in mm), length (in mm) and type; (j) oyster height (in mm) and location; (k) oyster height
(in mm), width (in mm) and location; (l) oyster height (in mm), width (in mm), length (in mm) and location; (m) oyster height (in mm), type and
location; (n) oyster height (in mm), width (in mm), type and location, and; (o) oyster height (in mm), width (in mm), length (in mm), type and

location.

models A-F, K-L (Table 3). While some RF models including either
type or location (e.g. RF-H, RF-1, RF-K, RF-L and RF-O) outperformed
the allometric models (Table 3) for estimating TWW, but only RF-K
and RF-L outperformed the allometric models for the estimation of
SWW and BWW (Table 3). Other RF models including one or two
categorical variables were outperformed by the allometric models,
regardless of the estimated wet weight (Table 3).

In terms of precision (measured by the MAE), the allometric
models predicting TWW performed poorly in comparison with its
equivalent RF model, which included only H (RF-A in Table 3) as a
predictive variable, with a MAE of at least 1.49 g larger than that
of the RF model. Random forest models including only size

measures (i.e. H, L and Wi; RF-A to RF-F in Table 3) were the
most precise (i.e. had the lowest MAE), outperforming the simple
one-variable RF model and all allometric models (Table 3). The loss
of precision RF models showed that when at least one categorical
variable (location and type) was present it was improved by the
inclusion of further size measures (Table 3). For example, the MAE
of the RF model including location and H (RF-J) was larger
compared to the MAE of the RF model including location and at
least one extra size measure (RF-K and RF-L; Table 3). This
precision increment by adding further size measures was also
observed for the models that included both categorical variables
(RF-M to RF-O in Table 3). Despite the higher precision of RF
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FIGURE 5

Estimated vs. observed shell wet weight (SWW) based on 15 random forest models (n = 260). The models predict SWW based

on: (a) oyster height (in mm); (b) oyster height (in mm) and width (in mm); (c) oyster height (in mm), width (in mm) and length (in mm); (d) oyster
length (in mm); (e) oyster length (in mm) and width (in mm); (f) oyster width (in mm); (g) oyster height (in mm) and type; (h) oyster height (in mm),
width (in mm) and type; (i) oyster height (in mm), width (in mm), length (in mm) and type; (j) oyster height (in mm) and location; (k) oyster height
(in mm), width (in mm) and location; (l) oyster height (in mm), width (in mm), length (in mm) and location; (m) oyster height (in mm), type and
location; (n) oyster height (in mm), width (in mm), type and location, and; (o) oyster height (in mm), width (in mm), length (in mm), type and

location.

models including only size measures, these also tend to
underestimate the weight of larger organisms (Figures 4, 5 & 6).

4 | DISCUSSION

The results of this study represent, to the best of our knowledge, the
first machine learning models to estimate total, shell and soft tissue
wet weights for the European oyster O. edulis. In addition to the RF
models developed, this study provides updated weight-to-weight
transformation factors to transform total, shell and soft tissue wet

weights to dry weights. This represents an improvement of the

database provided by Brey (2001), which included transformation
factors for O. edulis based on only three measurements. In general,
this study presents statistically validated tools, which can facilitate the
monitoring of O. edulis populations, especially against the background
of conservation management and European restoration projects
(Pogoda et al., 2020a; zu Ermgassen et al., 2021).

Over half of the RF models developed outperformed the classic
allometric model used for estimating weights of fish and shellfish
based on H, L or Wi. The RF models including H, L, and Wi
outperformed all other models. These results show the advantage of
RF over classical regressions (Cutler et al., 2007; Oppel, Strobl &
Huettmann, 2009). However, RF models including the categorical
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FIGURE 6

Estimated vs. observed soft tissue wet weight (BWW) based on 15 random forest models (n = 130). The models predict BWW

based on: (a) oyster height (in mm); (b) oyster height (in mm) and width (in mm); (c) oyster height (in mm), width (in mm) and length (in mm);

(d) oyster length (in mm); (e) oyster length (in mm) and width (in mm); (f) oyster width (in mm); (g) oyster height (in mm) and type; (h) oyster height
(in mm), width (in mm) and type; (i) oyster height (in mm), width (in mm), length (in mm) and type; (j) oyster height (in mm) and location; (k) oyster
height (in mm), width (in mm) and location; (1) oyster height (in mm), width (in mm), length (in mm) and location; (m) oyster height (in mm), type and
location; (n) oyster height (in mm), width (in mm), type and location, and; (o) oyster height (in mm), width (in mm), length (in mm), type and

location.

variables type and location suffered a loss of estimation precision.
Based on the variable importance for each model, both categorical
variables can be assumed to act as noisy variables. This agrees with
finding no difference in the allometric models between regions, the
allometric models for estimating BWW being the only exception. We
assume that this exception was due to the non-significant location-
specific allometric model of BRG used for estimating BWW,
suggesting that this requires further sampling and testing. Other
studies in allometry (e.g. Chatterji et al., 1985; Powell et al., 2016;
Petteta et al., 2019) have shown different locations to show
statistically significant different allometric models. It would be realistic

to hypothesize that: (i) there are no large environmental differences

between the Helgoland sites and BRG; and (ii) that the inclusion of
data of O. edulis individuals from further locations and enlarging the
number of levels for the variable might indeed increase predictive
accuracy of the RF models that include these categorical variables.
While relatively accurate, the developed RF models can be further
improved and complemented by, for example, the weight-to-weight
transformation factors also presented in this study. Including a larger
data set with clustered O. edulis organisms might prove the categorical
variable type (here oyster clusters; Supporting Information 1) to be
important to estimate weight, rather than be regarded as a statistically
noisy variable. From this data set, only 60 data points corresponded to
clusters of 2 (n = 12) and 3 (n = 48) individuals, whereas the
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TABLE 3 Mean absolute error (MAE) in g of the general and location-specific allometric models, and for the 15 (A-O) random forest (RF)
models for estimating total wet weight (TWW), shell wet weight (SWW) and soft tissue wet weight (BWW). Additional MAE calculated for the
random forest (RF) models based on location specific data is also provided. Random forest models A-O include the following factor combinations:
A, oyster height (in mm); B, oyster height (in mm) and width (in mm); C, oyster height (in mm), width (in mm) and length (in mm); D, oyster length
(in mm); E, oyster length (in mm) and width (in mm); F, oyster width (in mm); G, oyster height (in mm) and type; H, oyster height (in mm), width (in
mm) and type; |, oyster height (in mm), width (in mm), length (in mm) and type; J, oyster height (in mm) and location; K, oyster height (in mm),
width (in mm) and location; L, oyster height (in mm), width (in mm), length (in mm) and location; M, oyster height (in mm), type and location; N,
oyster height (in mm), width (in mm), type and location, and; O, oyster height (in mm), width (in mm), length (in mm), type and location. Values in
bold represent RF models with lower MAE than that of the allometric models.

MAE for total wet weight
estimations (in g)

MAE for shell wet weight
estimations (in g)

MAE for soft tissue wet weight
estimations (in g)

Model Helgoland BRG Both Helgoland
Allometric 6.54 4.62 5.78 4.63
RF-A 4.05 273 3.52 3.00
RF-B 271 2.00 242 2.20
RF-C 241 1.72 2.13 2.00
RF-D 451 3.94 4.28 441
RF-E 3.55 3.12 3.38 3.16
RF-F 6.07 5.47 5.83 4.28
RF-G 8.23 6.91 7.69 9.00
RF-H 5.82 5.04 5.50 6.47
RF-I 4.67 4.03 4.41 5.22
RF-J 9.25 6.99 8.33 5.34
RF-K 6.18 4.22 5.39 3.90
RF-L 4.83 3.25 4.19 3.44
RF-M 10.99 8.19 9.85 7.61
RF-N 8.17 5.72 7.18 6.36
RF-O 6.19 4.33 5.43 5.55

Abbreviation: BRG, Borkum Reef Ground.

remaining data points (n = 1,341) corresponded to single individuals.
Including more measurements, especially for individuals with
TWW > 75 g, SWW > 45 g, and BWW > 6 g, could also improve the
precision of the RF models, which tend to underestimate the weight
of large individuals. Another improvement would be the addition of
measures of O. edulis individuals from other areas of the North Sea,
the North-east Atlantic and other biogeographic regions where
O. edulis populations exist (e.g. the Mediterranean or the Black Sea;
Aydin & Biltekin, 2020), or data from monitoring conducted across
Europe within the frame of several restoration initiatives (see Pogoda
et al. (2019) for a detailed list of programmes). Further parameters
that could be included are tidal location (intertidal or subtidal) or
season of the year. The latter might be of great importance, since it
has been shown that the condition of O. edulis (expressed as the ratio
of soft tissue to shell weight) varies with season (Pogoda, Buck &
Hagen, 2011; Merk, Colsoul & Pogoda, 2020), and relates to the
reproductive state of O. edulis individuals. Allometric and RF models
tended to underestimate weight for larger individuals, which could be
related to the reproductive activity, as energetic investment of larger
organisms is focused on reproduction rather than growth. Once RF
models are improved, they could also be applied to estimate dry

weights by including weight-to-weight transformation factors. The

BRG Both Helgoland BRG Both
2.68 3.94 0.72 0.45 0.68
1.47 2.06 0.42 0.34 0.40
091 141 0.36 0.23 0.33
0.82 1.27 0.34 0.22 0.31
1.35 2.53 0.53 0.23 0.46
0.97 1.81 043 0.24 0.38
1.34 247 0.56 0.26 0.49
7.40 8.02 1.00 1.10 1.02
5.54 5.90 0.81 0.83 0.81
4.17 4.57 0.71 0.69 0.71
293 3.86 0.83 0.37 0.72
1.86 2.65 0.63 0.32 0.56
1.45 221 0.56 0.30 0.50
6.10 6.68 1.12 0.81 1.05
4.82 541 0.92 0.69 0.87
4.10 4.65 0.77 0.57 0.73

application of this combined approach can potentially be used for
calculation of condition indices (Walne & Mann, 1975; Davenport &
Chen, 1987) for oyster populations without the need of destructive
sampling and measurements, i.e. without sacrificing any animals.

One aspect to consider, is the potential use of RF models to
estimate the condition of any given population of O. edulis (see
above), and thus the potential to facilitate monitoring efforts across
the Native Oyster Restoration Alliance (NORA), supporting the
implementation of a coherent habitat restoration monitoring
programme (zu Ermgassen et al., 2021). Oyster shell size frequency,
density, and condition index are included in the suggested metrics and
required for monitoring metrics. The measured shell size frequency
could provide the basic data input for the RF models developed in this
study, thus resulting in an additional weight frequency measurement.
As per the NORA monitoring handbook (zu Ermgassen et al., 2021),
density should be provided as abundance and should be primarily
measured by means of seabed image (SBI) techniques. Estimation of
abundance by means of SBI implies the presence of a spatial
reference, which allows for measuring seabed area (Solan et al., 2003).
Using a spatial reference can enable height, width and/or length of
the oysters identified via SBI to be measured. As a consequence, such

measurements can also be used as input data for the RF models to
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provide biomass estimations in a non-destructive way. Applying
suitable transformations, biomass stock estimations can be
transformed to blue carbon stocks (biologically fixed carbon), and can
be used to quantify ecosystem service potential (in terms of climate
change mitigation) provided by a given O. edulis population. It is worth
pointing out that, while the models of this study were developed for
O. edulis, they can be further developed and adapted for associated
fauna of O. edulis populations, or also for other marine species of
interest for conservation and restoration programmes. This could
potentially provide further metrics for estimating community
development and status, facilitating biodiversity projections and
conservation as such.

Additional to the potential facilitation of the monitoring activities
conducted by researchers across Europe, the models can also make
use of data collected by voluntary workers. During the last NORA4
conference (Native Oyster Restoration Alliance, 2021), volunteer
(citizen science) work done by private organizations and research
projects was presented. Part of this work entails either in situ
measurement of O. edulis organisms, or doing short SBI surveys. The
non-destructive nature of these surveys naturally does not include
measurements of either SWW or BWW (nor any dry weight). Thus, by
using these data as input for RF models, combined with the use of
transformation factors, available data collected by citizen scientists
can be used for broader regional studies (e.g. calculation of biomass or
condition indices). This would open the door to engaging the
community to contribute to the restoration efforts of natural
populations by supporting conservation and restoration with valuable

data and increase the output of single metrics.

5 | CONCLUSION

The RF models developed and presented in this study have the
potential to outperform classical allometric models, providing a
flexible tool to support and to facilitate monitoring of European
oyster restoration programmes throughout the North Sea, the north-
east Atlantic and potentially other regions where O. edulis populations
occur. In combination with the weight-to-weight transformation
factors presented here, they increase the data output and minimize
destructive sampling. The presented RF models can be applied to
existing data and to data provided by volunteers or citizen scientists
to enhance the output by transforming to additional metric data.

In general, RF and machine learning tools can be easily adapted
and updated to increase their precision e.g. for different ecological
regions or seasons. This is key to improve models including categorical
variables which, in their current status, performed poorly (e.g. those
including location). The improvement of RF models for estimating
O. edulis total, shell and body weights will provide tools to obtain the
respective monitoring metrics (zu Ermgassen et al., 2021). Due to their
flexibility and accuracy, RF models can be further developed to
provide helpful metrics for conservation and restoration programmes,

not only at the population level, but also at community level.
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