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journals.
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6. The high expectations from insect protein will only be realized if
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Abstract

Gulzari, B. (2023). All fish deserve a breeding program - designing
affordable genomic selection programs with automated image analysis.
PhD thesis, Wageningen University & Research, the Netherlands.

Only a small fraction of the farmed fish species is genetically improved.
Consequently, the majority of the farmed fish species are unable to provide the
benefits of genetic improvement. Systematic genetic improvement is achieved
within breeding programs, which can be distinguished as central-nucleus and
integrated breeding programs. In central-nucleus breeding program designs, the
broodstock and selection candidates are typically maintained in bio-secure
indoor facilities, where environmental conditions can be controlled to be optimal
and free of specific pathogens. Integrated breeding programs are approaches
for genetic improvement of fish in which data collection and selection is
performed in the commercial production environment. Due to the low cost of
implementation, the integrated approach is well suited for fish species that are
farmed at a relatively small scale. The main advantage of integrated breeding
programs is that farmers have direct control over the breeding program and can
select the animals that are adapted to their specific needs and conditions. In
addition, the dissemination step is simply transferring the genetically improved
material to on-growing facilities within the same farm. Breeding programs are
complex operations and there are several challenges associated with their
implementation. In this PhD thesis, | aim to contribute to the improvement of
integrated breeding programs for fish species with innovative research. First, |
addressed the challenge of obtaining phenotypes fast and accurately. This was
achieved with a novel automated image analysis process for the extraction of
morphometric measurements from 2D and 3D images of gilthead seabream.
Second, | addressed the challenge of controlling the costs of breeding programs
with a novel genomic selection design that eliminates the need to genotype a
reference population. Third, | addressed the challenge of optimizing logistics and
costs related to phenotyping by investigating the balance between the selection
response in harvest weight and a difficult-to-measure trait in a two-stage
integrated genomic selection design. Fourth, | estimated GxE for production traits
between distinct production locations of gilthead seabream to decide if data
from several environments should be incorporated into the breeding program.
Unifying the knowledge produced in this thesis leads to improved
implementation of integrated breeding programs to achieve tailored-to-the-
location and affordable genetic improvement for fish species.
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Chapter 1

General Introduction






1.1 Genetic improvement of fish species

More than 500 fish species were farmed globally in 2016 (FAQ, 2021). Commercial
production of these fish is largely based on broodstock collected from the wild
(Gjedrem, 2005). Wild stocks that are kept under commercial conditions are often
stressed and unable to thrive (Gjedrem, 2000). Selective breeding is a well-known
process to create animals that are better adapted to commercial production
conditions (Gjedrem and Robinson, 2014). The benefits of genetic improvement
are well-known and include increased production and yield (Garcia-Ballesteros
et al, 2022; Naeve et al, 2022), improved utilization of resources (Kause et al,
2022), higher disease resistance and survival (Gulzari, 2017; Megahed, 2020) and
enhanced animal welfare (Gharbi et al,, 2015; Grimsrud et al,, 2013). Systematic
genetic improvement in fish started relatively recently for Atlantic salmon (Sa/mo
salar),in 1975 (Gjedrem, 2010). Since then, breeding programs have been initiated
for at least 30 fish species (Teletchea and Fontaine, 2014). Naturally, the degree

of genetic improvement differs between those species and programs.

In general, breeding programs are considered complex and expensive, requiring
resources and long-term commitment. This hampers the adoption of selective
breeding for a high number of fish species that are currently cultured. In this
thesis, | will investigate methods to make breeding programs simpler, more

affordable, and easier to implement.

1.2  Breeding program designs

1.21  Central nucleus breeding programs

Central nucleus breeding program design is a common approach for systematic
genetic improvement of fish species. In this approach, the broodstock and
selection candidates are typically maintained in bio-secure indoor facilities,
where environmental conditions can be controlled to be optimal and free of
specific pathogens (Sang et al., 2020). The genetically improved material is then
disseminated to fish farms from this “central” location (Gjedrem, 2010). Multipliers

may be used if there is a large market for genetically improved material, the
9



species in question is not fecund enough to disseminate from a single location,
or the capacity of the nucleus is insufficient to supply enough fry. Dissemination
from central nucleus breeding programs may require comprehensive
arrangements and management between several institutions (Tayamen, 2004),
which can cause a time lag for genetically improved material to reach the fish
farms. The flow of the animals and information in a central nucleus breeding

program is depicted in Figure 1.1.

v

Bio-secure
hatchery

A

Broodstock

(Bio-secure) test station(s)
Broodstock or its

offspring

Phenot

v

Commercial production

- Commercial stock
Multiplier(s) environment(s)

v

Figure 1.1. The flow of animals (black arrows) and information (green arrows)

in central nucleus breeding programs.

In central nucleus breeding programs, the candidates’ performances are
measured in the central location with performance of relatives in test stations
incorporated in a selection index. Test stations are used to phenotype for difficult-
to-measure traits on siblings of the candidates, such as slaughterhouses for
carcass traits (Prchal et al,, 2020), containment facilities for disease challenge
tests (@degdrd et al, 2006), or commercial production environments for
production traits (Yoshida et al., 2022). Central-nucleus breeding programs are
commonly used by breeding companies whose business is mainly aimed at

selling genetically improved material (eggs or fingerlings) rather than profiting
10
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directly from harvested fish or fish products. Therefore, central nucleus approach
is suited more to fish species in high demand, such as Atlantic salmon (Naeve et
al, 2022), and Nile tilapia (Ponzoni et al, 2007), so that selling genetically
improved material to fish farms would return enough profit for the breeding

company.

1.2.2 Integrated breeding programs

Integrated breeding programs are approaches for genetic improvement of fish
in which data collection and selection is performed in the commercial production
environment. In this approach, there is a closed flow of genetic material in a fish
farm (Figure 1.2) as the selected fish from the production environment are

transferred to the hatchery as broodstock to produce offspring for production.

Commercial stock

Commercial \
production
environment(s)

Hatchery
Phenotypes

Broodstock

Figure 1.2. The flow of animals (black arrows) and information (green arrows)

in integrated breeding programs.

Therefore, genetic improvement is integrated with commercial production within
a fish farm. In this approach, harvested fish generates the main source of income

rather than selling genetically improved material. In integrated breeding
11



programs, the cost of producing selection candidates is blended with the costs
of producing the commercial stock. The extra hatchery and grow-out costs to
produce the selection candidates are very small for fish farming companies that

are using their own hatcheries to produce their own commercial stock.

Integrated breeding programs offer various advantages. Due to the low cost of
implementation, the integrated approach is well suited for fish species that are
farmed at a relatively small scale, for which a central-nucleus approach may not
be profitable. The main advantage of integrated breeding programs is that
farmers have direct control over the breeding program and can select the
animals that are adapted to their specific needs and conditions. In addition, the
dissemination step is simply transferring the genetically improved material to on-
growing facilities within the same farm. A disadvantage of integrated approach
is that the selection candidates and broodstock are exposed to natural threats
such as diseases, environmental disruptions, and predators, which may interrupt

or even destroy the breeding program.

1.3  Improvement of integrated fish breeding programs

Despite being simple in design, integrated fish breeding programs are complex
operations and there are several challenges associated with their
implementation. These challenges include obtaining phenotypes in a fast and
accurate way, improving the accuracy of breeding value estimations, and

neutralizing the undesired effects of GxE.

Phenotyping is an important challenge, which can be a financial and logistical
bottleneck for integrated fish breeding programs when data must be collected
on thousands of animals from the production environment. Ideally, phenotyping
should be fast, easy, and accurate. In recent years, technological developments
have improved phenotyping methods with sensor technology and computer
vision (Saberioon et al, 2017). Computer vision simplifies and accelerates
extracting many morphometric measurements simultaneously via image

capture and subsequent extraction of information from digital images (Dowlati
12



et al, 2012). In recent years, automated image analysis methods have been
developed, eg, (Navarro et al, 2016), that yield several morphometric
measurements in seconds from a single image of the fish. However, challenges

remain to use image analysis efficiently to obtain phenotypes of carcass traits.

Another important challenge in integrated breeding programs is to accurately
rank the selection candidates. The simplest method to rank the candidates is
using phenotypes, which can only be used to improve traits measured on live
animals while accuracy is limited by heritability. Although this ranking method is
primitive, some fish breeding programs still use it due to its simplicity (Chavanne
et al, 2016; K Janssen et al,, 2017). A more sophisticated way of ranking selection
candidates is using the phenotypes of relatives in addition to own phenotypes of
selection candidates, which together contribute to breeding value estimations
with the use of a pedigree. This allows selection for difficult-to-measure traits
measured on the relatives of selection candidates. In addition, the accuracies can
be increased by manipulating the number of relatives with phenotypes.
Depending on the heritability, high accuracies of breeding values can be

obtained.

Estimation of breeding values using genetic markers has been receiving
increased attention in recent years (Symonds et al., 2019). Genomic selection is
an advanced implementation of breeding value estimation that accelerates
genetic gain compared to pedigree-based selection methods (Meuwissen et al,
2007). This effect of genomic selection is mainly due to improved accuracy of
estimated breeding values from utilizing all within-family genetic variation
(Vallejo et al,, 2017). In terrestrial species, genomic selection further accelerates
genetic gain by reducing the generation interval (Garcia-Ruiz et al.,, 2016). In fish
breeding programs, there is limited opportunity to further reduce the generation
interval because in most species, it is rather short and selection is performed
before sexual maturity in most fish species (Boudry et al., 2021). Despite the
benefits of genomic selection, high costs of genotyping impede the adoption of

13



this technology for fish species that are produced at a smaller scale than the
species that are in high demand. Much research has focused on reducing
genotyping costs including lowering the density of SNP panels (Kriaridou et al.,
2020), imputation of SNPs (Tsai et al, 2017), and reusing a single reference
population in several generations (Sonesson and Meuwissen, 2009). Selective
genotyping strategies based on performance have also been studied to reduce
the genotyping costs (Chu et al, 2020). In conclusion, genomic selection is
beneficial in terms of improved selection response; however, widespread
implementation of this technology in fish breeding programs remains a

challenge.

The main aim of breeding programs is to create high performing populations
under commercial conditions and GXE can diminish the effectiveness of breeding
programs. In integrated breeding programs, GxE can be an issue if a farm
produces fish in environmentally distinct locations. GXE occurs if the relative
performance of genotypes changes in response to variations in environmental
conditions (Falconer and Mackay, 1996). Reranking of genotypes is an undesired
result of strong GxE, in which case the best genotypes in one condition may not
be the best in other conditions. In the presence of GxE, only a part of the genetic
gain can be commercially realized if the production environment is different than
the selection environment (such as a bio-secure environment). This effect has
been reported in aquaculture for growth of Penaeus monodon between a bio-
secure recirculating system (nucleus environment) and outdoor grow-out ponds
(Sang et al, 2020). In addition, GXE has been reported across varying
oxygenation conditions (Mengistu et al,, 2020), salinity levels (Domingos et al,
2021), and nutrition conditions (Romana-Eguia and Doyle, 1992). In relation to
GxE, commercial fish production also faces challenges because of climate
change. Water temperature is an important factor for fish growth (Mayer et al.,
2012), which has been identified as one of the most important variables

responsible for GxE in rainbow trout (Sae-Lim et al,, 2014). In the Mediterranean,
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the climate change unevenly affected the sea surface water temperature in
different regions (Pastor et al, 2018), which can become a major source of
uncertainty for breeding programs because the top performing genotypes in

current temperature profile may not be the best in upcoming years.

1.4  Objectives and outline of this thesis

In this PhD thesis, | aim to contribute to the improvement of integrated breeding
programs for fish species with innovative research. This thesis includes four
research chapters, each of which addresses a different challenge faced by
integrated breeding programs. In those chapters, | used gilthead seabream
(Sparus auratd) as a case study to advance automated high-throughput
phenotyping methods, optimize the allocation of phenotyping effort, improve the
accuracy of estimated breeding values, and investigate GxE between production

systems.

My objectives in Chapter 2 are to develop a novel automated process for the
extraction of morphometric measurements from 2D and 3D images of gilthead
seabream, to estimate their genetic parameters, in particular their genetic
correlations with the traits of interest for aquaculture production, and to validate
their utility as indicator traits. An automated phenotyping process simplifies data
collection on large numbers of fish and selecting on indicator traits may boost

genetic progress because it allows exploiting Mendelian sampling variance.

My objectives in Chapter 3 are to improve the prediction accuracy for difficult-
to-measure traits using morphometric measurements in gilthead seabream that
were obtained in Chapter 2, estimate the genetic correlations between observed
and predicted phenotypes, and compare the accuracy of GEBVs between
standard genomic selection designs and a novel design where genetic analyses
are performed using predicted phenotypes of selection candidates. The novel
design integrates automated high-throughput phenotyping with genomic

selection, which may contribute to reducing the genotyping costs.
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In Chapter 4, | investigated the optimal division of animals into selection
candidates and reference population to obtain the desired selection responses
for harvest weight or a difficult-to-measure trait under constraint genotyping
efforts. For this, | simulate a two-stage selection scheme in which varying
proportions are preselected on harvest weight and the candidates that are not
preselected are slaughtered to obtain data on a difficult-to-measure trait.
Depending on the priorities of fish farms, this scheme can balance the
phenotyping effort for desired selection responses in harvest weight and a

difficult-to-measure trait.

My objective in Chapter 5 is to quantify GxE for production traits and organ
weights of gilthead seabream in two distinct commercial production sites. For
this, | used data collected on commercially produced seabream and investigated
the degree of GXE between distinct production locations to determine if separate
breeding programs are necessary for those environments. Understanding the
degree of GxE also enables evaluation in terms of expected performance of

genetically improved material in distinct locations.

In Chapter 6 (General Discussion), | provide a synthesis of the knowledge
produced in chapters 2-5 and how this knowledge can be used to improve
integrated breeding programs for simple and affordable genetic improvement

of all fish species.
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Abstract

Phenotyping can be a financial and logistical bottleneck for fish breeding
programs. The most desired traits in breeding programs are difficult-to-measure
since they require slaughtering fish or are time consuming, expensive, and
laborious. Indicator traits measured on the selection candidates themselves can
be used to genetically improve difficult-to-measure traits. Morphometric
measurements can be used as indicator traits and computer vision simplifies and
accelerates extracting many morphometric measurements simultaneously from
digital images. The objectives of this study were to develop an automated
process for the extraction of morphometric measurements from 2D and 3D
images, to estimate their genetic parameters and genetic correlations with the
production traits of interest, and to validate their quality as indicator traits for
harvest and slaughter traits. We extracted 40 morphometric measurements
from 2D and 3D images of 933 gilthead seabream including various distance,
area, and volume measurements. We performed genetic analyses using a
genomic relationship matrix. Volume measurements from 3D images were
superior to 2D measurements as indicator traits for harvest weight and residual
fillet weight. However, 2D measurements provided better indicators for fillet fat
percentage. Morphometric traits had a wide range of heritabilities. 7a// excluded
length had the highest heritability (0.48 £ 0.05), and 7a// area (0.06 = 0.05) and 47
equidistant thickness (0.04 * 0.03) had the lowest heritabilities. The 3D
morphometric traits tota/ volume had a genetic correlation of 1.00 + 0.002 with
harvest weight and #unk volume had a genetic correlation of 0.89 £ 010 with
residual fillet weight. In contrast, fillet area, a 2D trait had the strongest genetic
correlation of -0.75 = 0.15 with fillet fat percentage. Based on these strong genetic
correlations, there is considerable value for using 2D and 3D image analysis to
extract morphometric traits as indicator traits for harvest weight, residual fillet

weight, and fillet fat percentage.
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21 Introduction

Phenotyping can be a financial and logistical bottleneck for fish breeding
programs. Except for growth rate, most desired traits in breeding programs are
difficult-to-measure because they either require slaughtering fish or taking the
measurements is time consuming, expensive, and laborious (Rodde et al., 2020).
Typical examples of such difficult-to-measure traits include processing yield,
product quality, and feed conversion efficiency (Chavanne et al., 2016). These
traits are often not (yet) included in aquaculture breeding programs or are
improved using sib data. Selection on sib data may limit genetic progress
because only the between family variance is exploited or requires genomic
selection to capture the within family Mendelian sampling variance. Alternatively,
indicator traits measured on the selection candidates themselves capture the
Mendelian sampling and can be used to genetically improve difficult-to-measure
traits. However, the efficiency of selection using indicator traits depends on both
their heritability and their genetic correlation with difficult-to-measure traits

(Falconer and Mackay, 1996).

Ease of measurement is an important reason for using morphometric
measurements as indicator traits. Computer vision simplifies and accelerates
extracting many morphometric measurements simultaneously via image
capture and subsequent extraction of information from digital images (Dowlati
et al, 2012; Navarro et al, 2016). Computer vision has been used to extract
morphometric measurements from two-dimensional (2D) images of common
sole (Solea solea) (Blonk et al., 2010), common carp (Cyprinus carpio) (Prchal et
al., 2018), Nile tilapia (Oreochromis niloticus) (Cardoso et al., 2021; Fernandes et
al, 2020), rainbow trout (Oncorhynchus muykiss) (Haffray et al, 2013), and
gilthead seabream (Sparus aurata) (Navarro et al., 2016). Ultrasound imagery
has been used to extract internal measurements in European seabass
(Dicentrarchus labrax) (Vandeputte et al.,, 2017) and rainbow trout (Haffray et al.,

2013). Morphometric measurements from three-dimensional (3D) images of fish
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have been performed in Liao et al,, (2021); however, their value as indicator traits

was not established.

For gilthead seabream, studies have been limited to morphometric traits from
2D images as predictors for harvest weight and fillet yield (Navarro et al,, 2016).
In this study we use 2D and 3D images of gilthead seabream to discover indicator
traits for harvest weight, fillet yield, fillet fat percentage, and viscerosomatic
index. The objectives of this study were to develop an automated process for the
extraction of morphometric measurements from 2D and 3D images, to estimate
their genetic parameters and genetic correlations with the traits of interest for

aquaculture production, and to validate their quality as indicator traits.

2.2 Materials & Methods

2.21 Production sites and production of experimental fish

For this experiment, a population of juveniles was produced by natural mass
spawning 33 males of 3 years old and 20 females of 4 years old. Eggs were
collected as a single batch on one day. When fish reached an average weight of
3 grams, a batch of 84,650 juveniles was stocked in a sea cage in southeast of

Spain and grown under commercial conditions.

2.2.2 Phenotypic data collection

We collected data on production traits from the commercially produced fish at
harvest after a grow-out period of 500 - 504 days. In total, we sampled 945 fish
for data collection over 5 consecutive days in September (daily 150 - 200 fish).
We harvested a random sample of fish every morning from the cage into an
oxygenated tank. Before processing, small batches of fish received a lethal dose
of clove oil (0.03 mL/L). We repeated this process until all fish were measured for
all the traits.

We measured body weight with a scale sensitive to 0.5 grams. Fillet fat
estimations were taken on whole fish from eight points (four on each side of the
fish) using a Distell Fish Fat meter (Distell Inc, West Lothian, Scotland) and

averaging the eight measurements on the same fish. The fish were then gutted,
20



and viscera weight was recorded with a scale sensitive to 0.5 grams. Viscera
included all the internal organs and abdominal fat. We calculated viscerosomatic
index as (viscera weight / harvest weight) x 100. The gutted fish were then filleted,
and fillet weight was recorded for the left side. The recorded fillet weight was
multiplied by two to estimate the total fillet weight. Measurements taken on a
single day were performed by the same person for each trait. Fillet yield was
calculated as (total fillet weight/harvest weight) x 100.

We used R software and the “tidyverse” package collection to edit and organize

the data (R Core Team, 2020; Wickham et al., 2019).

2.2.3 Image acquisition and morphometric traits

When the fish were whole, we acquired their images using an Intel® RealSense™
D435 Depth Camera (Intel Corp., Santa Clara, California, USA) fitted in a cabinet
50 centimeters from the bottom surface. The bottom surface of the cabinet was
made of blue anti-reflective plastic to assist in the segmentation of the fish, and
the walls and ceiling were made of white plastic to enhance light diffusion. The
light source inside the box was white light producing LED stripes (OSRAM GmbH,
Munich, Germany) covered with light diffusers. The resolution of the images was

1280 x 720 pixels for both 2D and 3D images. Examples of captured images can

be found in Figure 2.1.

Figure 2.1. a) 2D color image of fish on a blue background with ID label. b) 3D

image of fish.
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From the 2D and 3D digital images, we automated the extraction of
morphometric measurements with Halcon 2011 framework (MVTec Software
GmbH, Munich, Germany) (Eckstein and Steger, 1999). We chose the
morphometric measurements that we expected to be biologically related to
production traits, including some traits defined by Cardoso et al. (2021);
Fernandes et al. (2020); Navarro et al. (2016); and Prchal et al. (2020). The process
of extracting information from the digital images consisted of three sequential
subprocesses: 2D and 3D image segmentation, landmark detection, and

extraction of morphometric measurements (Figure 2.2).

2.231 Image segmentation

The RGB (2D) and depth (3D) image segmentation included four main sub-
processes as depicted in Figure 2.2: RGB color space conversion, image
segmentation and region orientation, RGB and depth image rotation, and RGB
and depth image foreground and background separation. We converted the RGB
image (Figure 2.1.0) into the Hue, Saturation, Intensity (HSI) color space (Gonzales
and Woods, 2018) and automatically segmented the saturation channel and
generated the binary fish region (FR) (see Appendix 2.6.21 for details). We
calculated the orientation of the main axis of the FR to generate the affine
transformation matrix for rotating the FR, the RGB image, and the depth image
to generate FRa, RGBo, and Depthqas, respectively (see Appendix 2.6.2.2 for
details). After the image rotation, we used FRq. as a mask to separate the
foreground from the background in the RGBq# and Depthqs images to generate

RGB-FRus (Figure 2.3) and Depth-FRas (Figure 2.A.2).
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Figure 2.3. a) an RGB image. b) the saturation channel after color space

conversion. ¢) after the segmentation: the ID label region (in red) and binary

fish region (in green). d) the fish separated from background (RGB_FRa#s).

2.23.2 Landmark detection

In this paper, the term “landmark” is used to refer to specific points of interest in
images that have clear anatomical features or locations. The term “pseudo-
landmark” is used to refer to points that can only be defined by relative locations.
We identified a set of landmarks and pseudo-landmarks in a sequential process,
first in the RGB-FRq for the 2D landmarks and pseudo-landmarks, and
subsequently we projected them on the Depth-FRq¢ for the 3D feature extraction.
Initially, we defined the transition point where the peduncle makes a transition to
the caudal fin. We computed the FRq height by calculating the distance between
each point of the FRq# and its perpendicular projection onto the FRq.¢ main axis
(Figure 24). The minimum value of FRqu height gave the peduncle height
(Appendix 2.6.3.1). We divided the region between the maximum height line and
the tip of the head into four quadrants (Figure 2.A.3). The segmentation of blue-

channel-enhanced image in the first quadrant individuated the black spot
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(Appendix 2.6.3.2). The black spot is marked in yellow in Figure 2A3b. The

purpose of identifying the black spot and its quadrants was to have a

(@]

~

Figure 2.4. a) plot of the Depthqs+ thickness. b) the clipped region of the FRu¢+

thickness distance. ¢) computed transition point defined by the minimum
value of the FRq¢ thickness. d) its correspondent vertical line passing through

the coordinate of the transition point.

reproducible landmark to locate several morphometric measurements. The
centroid of the black spot defined the vertical line that divides the head region
from the rest of the body (Figure 2.A.3). We defined the trunk region as the body
region between the transition point and the head region. We computed the
entropy of the gray values of the blue-channel-enhanced RGBq¢ by using a 17 x
17 pixels kernel (Sparavigna, 2019). Then we reduced the resulting image domain
to the fourth quadrant of the frontal region (Figure 2.A4.a). After automatic
thresholding, the lateral fin region was determined (Figure 2.A4.b). Finally, the
bottom left coordinate of the smallest rectangle orthogonal to the image
reference system (IRS) around the lateral fin region defined the passing point of
the horizontal line of the border between the two regions, the ventral region

(Figure 2.A4.c) and the fillet region (Figure 2.A4.d). The five equidistant points
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(FEP) (Navarro et al,, 2016) were automatically generated on the FRq# main axis
and the coordinates of the intersections of the vertical lines passing through the
FEP and the contours of the FRu were computed (Figure 2.A.5). We computed
the FEP heights on the FRatt (FEP2p-heights) from the FEP coordinates. We computed
the depth along each line by projecting the five vertical lines on the Depth-FRas
and defined the maximum depth as the thickness of the FEP expressed in

millimeters (FEPsp-thickness) (Figure 2.A.5.0).

2.2.3.3 Extraction of morphometric measurements

We combined the landmarks and pseudo-landmarks to extract three types of
morphometric measurements: 1) distances as linear measures (in millimeters as
one-dimensional measures); 2) areas as quadratic measures (in millimeters
squares as two-dimensional measures); 3) volumes as cubic measures (in cubic
centimeters as three-dimensional measures).

Detailed explanations of all the steps of extracting morphometric measurements
can be found in Appendix 64. In total, 40 morphometric measurements were
extracted. Morphometric measurements on the RGB image can be found in
Figure 2.5 and morphometric measurements on the depth image can be found

in Figure 2.6.

From those measurements, we calculated relative head area as head area / total
area, relative fillet area as fillet area / total area, thickness by height as thickness

/ height and height by length as height / length. We calculated fish and head

2 2
eccentricities as e = /1 — (%) , Wwhere gand b are the main and the secondary

radius of the ellipse having the same orientation and aspect ratio as the 7ish area
and the head areaq, respectively as defined by Fernandes et al., (2020). The trunk
arearepresents fillet area + ventral area. From 3D images, we measured relative
ventral volume as ventral volume / total volume, and ventral volume by fillet
volume as ventral volume / fillet volume. We measured the equidistant

thicknesses as the distance between the left and right side of the fish at the FEP
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(Figure 2.6.d). The calculation of volume was adjusted for the roundness of the

fish as depicted in Figure 2.7.

Figure 2.5. 2D morphometric measurements. a) 1 = head height, 2 = maximum

height of fish, 3 = peduncle height,

b) 1 = total length, 2 = standard length, 3 = head length, 4 = tail excluded
length, 5 = fillet length,

c) 1 =head areaq, 2 = fillet areq, 3 = ventral areaq, 4 = tail areq,
d) between the blue points of each line are equidistant height measurements.

2.2.4 Genetic analyses

2.2.41 DNA extraction and genomic relationship matrix

ldentiGEN (Dublin, Ireland) isolated the DNA from fin clips and performed the
genotyping using the ~30k “MedFish” SNP array (Pefialoza et al., 2021). We filtered
the genotypic data by excluding SNPs that had call rates below 90%, were not

segregating, or had Hardy-Weinberg equilibrium exact test p-values below 1e-10.
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Figure 2.6. 3D morphometric measurements: a) top projection of the
foreground of the depth image, b) the lateral view, c) the front view, d) the

FEP thicknesses computed on the foreground of the depth image.

a b Q c

Figure 2.7. a) an example of an object with an oval frontal section. b) how the
camera captures only one side of the object and projection of that side on
the background. ¢) the total computed volume was the composition of the
volume of the object (blue section area) and the projected volume (red

section areaq).

We computed a genomic relationship matrix (GRM) based on the remaining
28164 SNPs using calc_grm software (Calus and Vandenplas, 2019) with the
“vanraden” option (VanRaden, 2008), in which the GRM is computed as G =

zz'

————— . To use this option, we coded marker genotypes as “0”, “1”, or “2”. Z is
2%p;pi (1-p)
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a matrix that contains marker genotypes for all loci, which is corrected for the
allele frequency per locus. p; is the frequency of the minor allele. The inverse of
the GRM matrix was obtained directly from calc_grm using “giv” function.
2.2.4.2 Estimation of genetic parameters

We estimated the heritabilities of the morphometric measurements using
univariate models, and genetic (r;) and phenotypic (r,) correlations between
phenotypes and morphometric measurements using bivariate animal models
with ASReml version 4.2 (Gilmour et al.,, 2015).

The univariate animal model is y = XB + Zu + e, where y is a vector of a
morphometric measurement or production trait, B is the vector of fixed effects
sampling day and harvest weight as a covariate, u is the vector of random
animal additive genetic effects ~(0,Go?2), where G is the GRM and o2 is the
additive genetic variance of a morphometric trait, and e is the vector of random
residual effects ~(0,1 ¢2), where I is an identity matrix and ¢2 is the residual
variance of a morphometric trait. X and Z are design matrices, that relate
observations to the fixed effect and additive genetic effect of animals,
respectively. We included harvest weight as a covariate to obtain the genetic
variance of morphometric traits and production traits that are independent of
harvest weight. Naturally, the genetic model of harvest weight included
“sampling day” as the only fixed effect.

The bivariate animal model is y = XB + Zu+e, where y is a vector of the
phenotypes of a production trait and a morphometric measurement, g is either
the vector of fixed effect “sampling day” in the models with harvest weight as
the production trait or the vector of fixed effect sampling day and covariate
harvest weight in the models with fillet weight, viscera weight, and fillet fat

percentage as the production trait, u is the vector of random animal additive
2
O—a.,Tp Ta,Tp'M O—a,Tp Ua,TM

genetic effects ~ ([3]6[ D where G is the GRM

2
’ra,Tp‘M O-a,Tp O-a,TM O-a,TM
and a,f,TP is the additive genetic variance of a production trait (e.g. harvest

weight), oj_TM is the additive genetic variance of a morphometric trait (e.g. total
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volume), 74r,,, is the additive genetic correlation between production trait and

morphometric trait, and e is the vector of random residual effects

(L

the residual variance of a production trait, ¢Zr,, is the residual variance of a

2
O-e,Tp re,Tp‘M O-E,Tp O-E,TM

5 ]) where [ is an identity matrix, 2z, is
Te,Tp_MUe,TpUe,TM O—E,TM

morphometric trait, and 7, ,, is the residual correlation between the production
trait and the morphometric trait. X and Z are design matrices, that relate
observations to the fixed effect and additive genetic effect of animals,
respectively. With harvest weight as a covariate in the models for fillet weight,
the trait becomes residual fillet weight, which is considered as a proxy for fillet
yield. Likewise, residual viscera weight becomes a proxy for viscera yield. In all
models, we included “sampling day” as a categorical variable with one category
for each measurement day (5 days), which includes the effect of the person who
performed the phenotyping of production traits because measurements taken
on a single day were performed by the same person for each trait. Gilthead
seabream is a protandrous fish (Loukovitis et al., 2011) and all individuals were
males during harvest. Therefore, we did not include “sex” as a fixed effect in this
study. We excluded the 57 equidistant thickness from the results because of

convergence problems in genetic models that included this morphometric trait.
2.3 Results

2.3.1 Image analysis and traits

In total, 23 images were not used for the analyses, two due to the presence of
the operator’s hand, and 21 because they were images of the same fish taken
two times. Each morphometric measurement was successfully extracted from all
the selected images, although outliers appeared in some cases. Five outliers
occurred due to the presence of an unexpected artifact during one of the
acquisition sessions: in images where the fish was not placed in the center of the
blue background, a small black square of 5 x 5 mm was visible and was touching

the dorsal side of the fish. The black square was detected as part of the fish and
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caused overestimation of some measurements. In some other cases, the doors
of the imaging cabinet were not shut properly, and the outside light illuminated
the image, causing differences in color and brightness. For those images, we
adjusted the contrast in the automated image analysis process. Values for each
morphometric measurement that were more than 3.5 standard deviations from
the mean were re-coded as missing values. The image acquisition time was up
to 10 seconds to put the fish on the device, take the image, and remove the fish.
The average time of image processing was 344.2 (£ 23.9) milliseconds, performed
in a laptop equipped with eight processors Intel® Xeon® CPU E3-1505M v5, 2.80
GHz. The choice of Intel® RealSense™ D435 depth camera was based on its
compactness, minimal distance required from the depth camera to the scene
(~280 mm with a resolution of 1280x720), and favorable price-quality ratio. MV Tec
Halcon software was chosen because it is an industrial software for machine
vision specifically suited for the development of image processing solutions,
image segmentation and metrology from images. The coefficient of variation of
the 24 distance traits had a median of 5.33 and ranged from 4.06 to 10.5 with two
exceptions for fish eccentricity (CV = 0.80) and 4" equidistant thickness (CV =
22.8). CV of the nine area traits were higher with a median of 11.2 (5.96 - 23.1), and
for the seven volume traits even higher with a median of 17.7 (171 - 274). The
number of records available for each morphometric measurement and
summary statistics can be found in Supplementary Table 2.A1. Pearson
correlations between morphometric measurements can be found in

Supplementary Table 2.A.2.

2.3.2 Genetic parameters

The heritabilities of morphometric traits ranged from low to high (Supplementary
Table 2.A.3). 7ail excluded lengthhad the highest heritability (048 + 0.05). 7ai/ area
(0.06 = 0.05) and 4" equidistant thickness (0.04 + 0.03) had the lowest

heritabilities.
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Several morphometric traits were strongly genetically correlated to production
traits (Table 2.A4). The 3D morphometric trait, fota/ volume had a perfect genetic
correlation with harvest weight (1.00 £ 0.002) (Table 2.1), showing that they are
genetically the same trait. Another 3D morphometric trait, trunk volume, had the
highest genetic correlation to residual fillet weight (0.89 + 0.10) (Table 2.1) where
relative fillet area, was the strongest correlated 2D trait but with a weaker genetic
correlation (-0.77 £ 012). The fillet area (2D) had the strongest genetic correlation
with fillet fat percentage (-0.75 = 0.15), and 39 equidistant thickness (1D) had
slightly lower genetic correlation (0.72 = 0.09). The tail excluded area had the
strongest genetic correlation (-0.37 + 0.12) with residual viscera weight (among
the genetic correlations that were significantly different from zero). All genetic
and phenotypic correlations between morphometric traits and production traits

are reported in Supplementary Table 2.A.4 and 2.A.5, respectively.

Table 2.1. Distance, area, and volume morphometric traits with the strongest

genetic correlations with production traits.

Production trait Morphometric trait* ro®
Total volume 1.00 + 0.002
Harvest weight Trunk area 0.98 £ 0.01
Maximum height 0.97 £ 0.01
Trunk volume 0.89 =010
Residual fillet
Relative fillet area -0.77 £ 012
weight
Head length -0.68 £ 0.13
Fillet area -0.75+£0.15

Residual fillet fat
3 equidistant thickness  0.72 = 0.09

percentage

Head volume -047 £ 012

Tail excluded area -0.37 012
Residual viscera

Total volume -0.37+0.20
weight

Perimeter length -0.34+£ 013
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*All distance and area morphometric measurements were in millimeters and
squared millimeters, respectively, volume measurements were in cubic

centimeters; r, = Genetic correlations of morphometric traits to production traits

#Harvest weight was a covariate in the genetic models for all production traits

except for harvest weight

The genetic parameters of production traits are presented in Table 2.2. The

production traits had high heritabilities except for residual fillet weight.

Table 2.2. Genetic and environmental variance, and heritability estimates of

production traits.

Production trait* Va Ve h?% se

Harvest weight 2796 2417 0.54+0.05
Residual fillet weight 14.2 118.6 011+0.04
Residual viscera weight 91 8.8 0.51+£0.05
Residual fillet fat percentage 34 27 0.56 £ 0.05

‘Harvest weight was a covariate in the genetic models for all production traits

except for harvest weight

2.4 Discussion

In this study, we introduced a fast, objective, and reproducible image analysis
method that extracts morphometric measurements simultaneously from 2D and
3D images of seabream. The extraction process is fully automated in the sense
that after a fish image is available, the morphometric measurements are
extracted using fully automated image analysis. We tailored the image analysis
methods to images of gilthead seabream. For instance, the identification of
specific landmarks such as the black spot is specific to gilthead seabream and
not applicable to most other species. However, the presented methods can be
modified easily to identify specific landmarks in the species of interest. If desired,

additional morphometric measurements can be extracted for genetic analyses.
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Phenotyping with image analysis has several advantages. Automated
phenotyping provides more accurate measurements than manual phenotyping
because the measurements do not depend on the person who performs the
phenotyping (Hao et al, 2016) whereas manual measurements are prone to
human error. For example, Rutten et al. (2004) reported that the person who fillets
the fish has considerable influence on fillet yield. In our data, the effect of person
was not estimated separately but confounded with measurement day, which had
a strong significant effect on residual fillet weight. Reduced measurement errors
are expected to yield higher heritabilities. Elalfy et al. (2021) reported that
automatic measurements of morphometric traits yielded on average 24% higher
heritabilities than manual measurements. In addition, Ledn-Bernabeu et al. (2021)
reported that fork /ength had 88% higher heritability when automatically
measured. Another advantage of image analysis is that performing external
measurements on large numbers of fish is fast and simple. In addition, the
images of fish can be stored and used to obtain measurements in the future
because even if the fish is no longer available, the images can be analyzed later
to create ancestral data for genetic analyses. Besides phenotyping for genetic
evaluation in breeding programs, the external measurements can also be used
in different settings such as processing or to quantify the shape and value of the

fish for marketing.

Genetic analyses of image-derived morphometric measurements have been
performed to discover high quality morphometric indicator traits for breeding
goal traits (Cardoso et al., 2021; Haffray et al., 2013; Ledn-Bernabeu et al.,, 2021,
Prchal et al,, 2020, 2018). The heritability of some morphometric traits reported
here are lower than the values reported in the literature. In this study, we
estimated the heritabilities of morphometric traits with harvest weight included
as a covariate in the genetic models. These models yield genetic variation of
morphometric traits after variation due to harvest weight is accounted for.

Harvest weight was included as a covariate to obtain heritability estimates for
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morphometric traits that validate their quality as indicator traits. Therefore, we
see a relatively low heritability of fota/ area (0.37 £ 0.05), lower than the
heritability estimated by Ledn-Bernabeu et al. (2021) (0.51 + 0.10), based on
automated measurements on gilthead seabream. The heritabilities of equidistant
height traits were also lower (0.27 - 0.33) than the heritabilities estimated by
Ledn-Bernabeu et al. (2021) (0.34 - 0.59). Most likely, these lower heritabilities are
because of our inclusion of harvest weight as a covariate in the genetic models
unlike in Ledn-Bernabeu et al. (2021). In this study, fai// area had the lowest
heritability among all area measurements (0.06 = 0.05), which is much lower than
the heritability of 0.21 estimated by Cardoso et al. (2021) in Nile tilapia. The low
heritability of tail area might be caused by environmental factors that obscure
genetic variance such as tail damage. In this study, tail excluded length had the
highest heritability among all morphometric traits, which is not surprising
because it is a purely skeletal measure, which typically have the highest
heritabilities (Bourdon, 2000). The heritability of total length was lower than tai/
excluded length, which may also be due to variation caused by tail damage. The
heritabilities of total/ volume (0.07 £ 0.03) and trunk volume (012 = 0.04) were very
low, but not surprising given their almost unity genetic correlations to harvest

weight.

The quality of morphometric indicator traits, as measured by their genetic
correlations with the production traits, was found to be very high for harvest
weight, high for residual fillet weight and residual fat percentage, and much lower
for viscera weight. 7otal/ volumeis a perfect indicator for harvest weight. Although
weighing a fish is simple, considerable effort is necessary if there are thousands
of fish in a breeding program. When fish are imaged and phenotyped in an

automated way, taking a manual weight is no longer needed.

In contrast to harvest weight the indicator traits for residual viscera weight have
relatively low genetic correlations. One reason is that harvest weight is included
as a covariate, but we still see the strongest genetic correlation with tai/ excluded
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area and total volume (-0.37). The correlation with fota/ volume is interesting
because it has a high correlation with the covariate harvest weight. It is possible
that the part of the variation in volume that is independent of body weight is
particularly correlated to viscera weight. The density of viscera may vary more
than the density of other tissues, due to for instance variable presence of feed
and water in the gut, and variable size of fat deposits relative to other organ

tissues.

Fillet area has the highest genetic correlation to residual fillet fat percentage (-
0.75 £ 0.15). The fillet area overlaps with the dorsal part of the fillet, which means
the fat content of the fillet will reduce if the fillet is larger at the dorsal part. On
the contrary, the fat content of the fillet will increase if the fillet is larger at the
ventral part as ventral areais positively correlated to fillet fat percentage. Among
the distance traits, the 39 equidistant thickness has the highest genetic
correlation to fillet fat percentage, which means that a thicker fish is expected to
contain more fat in the fillet. It is easy to see that more fat could lead to a thicker
fish. Possibly this increased thickness affects the position of the horizontal line
that separates the fillet arec and the ventral area, making those areas valuable

indicator traits for residual fillet fat percentage.

Residual fillet weight, our proxy for fillet yield, is arguably the most important
production trait we analyzed because fillet is the most valuable part of the fish.
We found a strong genetic correlation of residual fillet weight with trunk volume
(0.89 £ 0.10). Correlations of volume traits with fillet yield have not been reported
previously but we can compare with measures of thickness and area. The 39
equidistant thickness is positively correlated to residual fillet weight (0.61 £ 0.17)
in agreement with Rutten et al. (2005), who reported a strong positive genetic
correlation (0.98) between thickness and fillet yield in Nile tilapia. Harvest weight
was not a covariate in the genetic models of Rutten et al. (2005), which may

explain in part the lower correlation we found.
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Among the length traits, head /ength had the highest genetic correlation to
residual fillet weight (-0.68 * 0.13). Morphometric traits of the head have been
reported to be correlated to fillet yield in several species including common carp
(Prchal et al,, 2018), sea bass (Vandeputte et al., 2017), and rainbow trout (Haffray
et al, 2012). Others found no genetic correlation between head morphometric
traits and fillet yield in rainbow trout (Kause et al.,, 2007) and Nile tilapia (Rutten
et al,, 2005). Species specific shapes and body proportions of different fish may
lead to different genetic correlations of morphometric traits with production
traits. Hence, genetic correlations with morphometric traits should be validated

separately for each fish species.

In this study, relative fillet area was negatively correlated to residual fillet weight
(-0.77 £ 012). This means that if the re/ative fillet area is larger, residual fillet
weight is expected to be lower, which is counter intuitive. In other words, when
relative fillet area goes up, harvest weight increases faster than fillet weight. We
also found that the genetic correlation of ventral volume by fillet volume with
residual fillet weight was positive, meaning that if the ventral volume increases
compared to fillet volume, residual fillet weight is expected to be higher. These
results could mean that most of the genetic variation in residual fillet weight is in
the ventral part of the fillet. We did not weigh the top and bottom part of the fillet
separately, but we do see that the genetic variation of ventra/ volume was about
twice that of fillet volume while the phenotypic variance of fillet volumeis about
twice that of ventral/ volume (Table 2.A.3). Previously we showed that viscera
weight has low variation (Gulzari et al., 2022), therefore the high genetic variation
of ventral volume is probably caused by variation in the fillet tissue. In this case,
then the response to selection for residual fillet weight may be seen mostly in the

ventral part of the fillet.

We find that volume measurements from 3D images emerge as superior
indicator traits for harvest weight and residual fillet weight compared to 2D
measurements (Table 2.1). A novelty of this study is that we extracted the volume
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measurements directly from the 3D images as opposed to estimating them by
combining 2D morphometric measurements as performed in Navarro et al.,
(2016). Although we cannot compare the precision of volume measurements
with other studies, we expect that direct measurement of volumes from 3D
images is more precise than estimating them from 2D images. Direct
measurement of volumes involves no extra effort because all morphometric
measurements are extracted simultaneously, but it does require a 3D image, and

therefore an initial investment for the 3D imaging equipment.

Image analysis is preferable to manual phenotyping in gilthead seabream
breeding programs, even for non-invasive traits such as body weight. Images are
easy to take with the right equipment, and image analysis offers precise, fast,
and uncomplicated extraction of morphometric measurements. Several
morphometric measurements can be used as high-quality indicator traits for
production traits such harvest weight, fillet yield, and fillet fat percentage (Table
21). For invasive traits, image analysis has the additional advantage of
performing measurements on selection candidates rather than having to rely on

sib data.

We used classical segmentation and metrological approaches to extract
information from 2D and 3D images, which allowed comparison to previous
studies and interpretation of the indicator traits. In recent literature, machine
vision is combined with deep learning (DL) models to predict target traits directly
from images. While this works for 2D images, DL models currently do not cope
with 3D image measurements. Xue et al. (2023) built a DL model that learns from
raw images without explicit annotation of landmarks, and they demonstrated
that DL could predict phenotypes of several traits without direct measurements
of morphometric traits. Advantages of DL models include the robustness to
variations in image quality such as differences in illumination and contrast
(Akhtar and Mian, 2018), and the presence of occlusion or overlapping between
fishes (van Essen et al, 2021). In our study we developed a well-defined and
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controlled environment with diffuse and stable light, and calibrated dimensions
that work well with classical segmentation. To segment parts of the fish such as
the black spot and the lateral fin, a semantic segmentation approach can be
used (Petrellis, 2021). In some cases, such as an industrial deployment where
image analysis must cope with different or mixed species per session of
measurements, a DL approach will be essential. However, there are no real
advantages of training a neural network for the features that could be

segmented in a classical way.

2.5 Conclusions

Automated phenotyping with 2D and 3D images of gilthead seabream can
extract many morphometric measurements in less than a second. Volume
measurements from 3D images offer high quality indicator traits for harvest
weight and residual fillet weight. In addition, we validated the value of several 2D
measurements as indicator traits for residual fillet fat percentage in sea bream.
Image analysis is preferable to manual phenotyping in gilthead seabream

breeding programs, even for non-invasive traits such as body weight.
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2.6 Appendix

2.6.1 Image calibration

Extraction of information from digital images started with the image calibration
process. The RGB (2D) and the Depth (3D) images were directly aligned during
the acquisition by using the Application Programmable Interface (API) functions
of the Intel® RealSense™ Library (Intel Corp., Santa Clara, California, USA).
Although the RealSense camera was delivered already calibrated and the stereo
data can be given in millimeters, a calibration procedure was applied before
beginning of image acquisition for sanity check and color calibration. For the
calibration, an X-Rite ColorChecker® Classic was used that had 24 natural objects

with chromatic, primary, and gray scale colors (Figure 2.A1).

2.6.2 Image processing

Image segmentation and feature extraction from digital images were performed
by using the Halcon 20.11 framework (MVTec Software GmbH, Munich, Germany)
(Eckstein and Steger, 1999). The automated image processing consisted of three
sequential sub-processes: RGB and depth image segmentation, landmark

detection, and feature extraction (Figure 2.2).

2.6.21 RGB color space conversion and image segmentation

To perform image segmentation the RGB image was decomposed in red, green,
and blue monochromatic channels, (R, G and B respectively) and then the RGB
was converted into the Hue, Saturation, Intensity (HSI) color space (Gonzales and

Woods, 2018) (Figure 2.3) with the transformation matrix

2 -1 -1
H tan~1(M2,M1) V6 V6 6
s)= | vz | where (M) =| 0 L 2|(6
- n n)- V2 vz |\B
I E 1011 /
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with range of values H € [0; 2x[, S € |0; \E]I € [0; 1].
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After the conversion, the saturation channel was used to separate the fish from
the background (Figure 2.3). The foreground, ie., fish and the ID label, was
segmented by using an automatic binary thresholding on the gray-level
histogram according to Otsu algorithm (Otsu, 1979). The Otsu algorithm works
by calculating the histogram of the image and then uses statistical moments to
find the optimal threshold that divides the pixels into foreground and background
and maximizes the separability between these two classes. From the heuristic
knowledge that the ID label was always smaller than the fish, the fish region (FR)

was selected in function of its shape and size (Figure 2.3).

2.6.2.2 Region orientation and image rotation

The cartesian coordinate system was used with origin on the top left of the image
frame and with the x-axis and y-axis the axes of the system parallel to the
horizontal and vertical axes of the image frame, respectively. The orientation of
a region was defined as the angle between the main axis of a region and the x-
axis. The orientation of the FR was calculated, an ellipse having the same
orientation and the same aspect of the FR was used. From the FR orientation,

the affine transformation matrix was calculated (Gonzales and Woods, 2018).

Finally, with the affine transformation matrix, the RGB and the Depth images
were rotated around the center of the FR to create RGBur and Depthgs
respectively. After the image rotation, foreground and background separation

was performed as described in section 2.31.3.

2.6.3 Landmark and pseudo-landmark detection
After the foreground and background separation, landmarks and pseudo-

landmarks were detected as described in section 2.3.2.

2.6.3.1 Transition point
To find the transition point, four steps were implemented. First, starting from the
outer contour of the FRu, the smallest rectangle orthogonal to the image

reference system (IRS) around the FRq¢ is found (Figure 2.A.2.a). The rectangle
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together with FRaff providethe coordinates of the extreme points of the FRqs
namely the tip of the tail (tip_t), the tip of the head (tip_h), top (top_f) and the
bottom of the fish (bottom_f). Second, applying a minimum threshold of 2 mm
to the Depth-FRar, a rough segmentation of fish body without caudal fin was
performed and around it a second smallest rectangle orthogonal to the IRS is
computed. From the coordinates of this rectangle the coordinates of the tip of
the rough segmented fish body without caudal fin, tip-of-the-body-without-
caudal-fin, is computed (Figure 2.A.2.b). Third, from the top-f and bottom-f x
coordinates, the average x coordinate top-bottom-average-x-coord was
computed. Subsequently, the maximum height line defined as the vertical line
passing through the points with coordinates (fop-bottom-average-x-coora, top-
f-y-coord) and (top-bottom-average-x-coord, bottom-f-y-coord) was created,
where top-f-y-coord and bottom-f-y-coord are the y coordinates of fop-f and
bottom-f, respectively (Figure 2.A.2.d). Fourth, the thickness of the FRq# along its
main axis for each pixel was computed. The thickness at one point on the main
axis of a region is defined as the distance between the intersection of the contour
with the plumb on the main axis in the respective point which are the furthest
apart. Last, the FRq¢ thickness was clipped between the x coordinates of the tjp-
of-the-boady-without-caudal-fin and the x coordinate of the maximum height line
(Figure 2.A.2.d). The clipped data presents only one local minimum (Figure 24.c),

that is defined as transition point landmark (Figure 2.4.d).

2.6.3.2 Black spot, head region and trunk region

First, cropping the region of the FRu with the rectangle defined by the
coordinates of the intersection of the maximum height line (Figure 2.A.3.a), with
contour of the FRu and the coordinates of the tjp-A, the frontal region was
defined.

Subsequently, the frontal region was divided in quadrants by the vertical and

horizontal line passing through the geometrical center of the above rectangle
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(Figure 2.A3.0). Defining as initial quadrant the top left quadrant and moving

clockwise, the first to the fourth quadrant are defined.

Second, the R, G, and B channels were combined to enhance the blue channel
according to Excessive Green method (Meyer et al, 1998) in the following the

formula:
EB=B-B—R-G

where R, G, and B are the monochromatic images given by the R, G, and B
channels of the RGBq#, and EB is the Excessive Blue /e, enhanced blue channel.
In EB the contrast between the black spot region and the surrounding tissues was
enhanced. By reducing the blue-channel-enhanced domain to the first quadrant
of the frontal region, more than 80% of the black spot region was inside the first
quadrant (Figure 2.A.3.b). By automatically thresholding the first quadrant, the
black spot region was segmented and, subsequently, its centroid computed
(Figure 2.A.3.c). Third, cropping the frontal region with the rectangle defined by
the coordinates of the intersection of the vertical line passing through the
centroid of black spot region with contour of the frontal region and the
coordinates of the tjp-h, the head region was defined (Figure 2.A.3.d). Finally,
cropping the FRq with rectangle defined by the coordinates of transition point
and centroid of black spot region landmarks, x coordinates, and top-f and
bottom-fpseudo-landmarks, y coordinates, the trunk region was defined (Figure
2.5.0). Lateral fin, fillet and ventral regions were detected as described in section

2.3.2.3. Five equidistant points were detected as described in section 2.3.24.

2.6.4 Extraction of morphometric measurements
In this process, the landmarks and pseudo-landmarks are combined to compute
the morphometric measurements. The main measurements are described in the

following subparagraphs.
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2.6.41 Distance (1D) features
All 1D features were given in millimeters. In Figure 2.5, the main vertical and

horizontal features were shown.

Fish maximal height was given by the distance between the points with
coordinates (top-bottom-average-x-coord, top-f-y-coord) and (top-bottom-
average-x-coord, bottom-f-y-coord), where: top-bottom-average-x-coord was
the average between the top-f-x-coord and bottom-f-x-coord: and top-f-y-
coord and bottom-f-y-coord were the y coordinates of top-fpoint and bottom-f

point, respectively (Figure 2.5.a).

The peduncle height (Figure 2.5.0) was the distance between the points with
coordinates (top-transition-point-x-coord, top-transition-point-y-coord) and
(top-transition-point-x-coord, top-transition-point-y-coora) where the
coordinates were given by the intersection of the vertical line passing through
the minimum value of the FRq thickness (Figure 2.A.2.c), and the contour of the

FR (Figure 2.A.3.0).

Total length (Figure 2.A.2.c) was the distance between the points with coordinates
(tip-tail-x-coord, tip-tafil-and-tip-head-average-y-coord) and (tip-head-x-coord,
tip-tail-and-tip-head-average-y-coord), where: tip-tail-and-tip-head-average-y-
coord was the average between the tip-tail-y-coord and tip-head-y-coordl and
tip-tail-x-coord and tjp-head-x-coord were the x coordinates of #jp-tail point and

tip-head point (Figure 2.A.2.0).

Standard length (Figure 2A.2.c) was the distance between the points with
coordinates (tjp-of-the boay-without-caudal-fin-x-coord, tip-of-the boady-
without-caudal-fin-and-tip-head-average-y-coord) and (tip-head-x-coord, tip-
of-the body-without-caudal-fin-and-tip-head-average-y-coord), where tip-of-
the body-without-caudal-fin-and-tip-head-average-y-coord was the average
between the tip-of-the boady-without-caudal-fin-y-coord and tip-head-y-coorad,

and tip-of-the boay-without-caudal-fin-x-coord and tip-head-x-coord were the x
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coordinates of tjp-of-the body-without-caudal-fin point and tip-head point
(Figure 2.A1b-c).

The Five Equidistant Points Heights (Figure 2.A5.a) were given by distance

between each FEP;p-neights pair.

Fish thickness was the maximal distance obtained for each pixel from the
difference of the values of the Depth-FR. and the average value of the

background in the Depthqsr (Figure 2.6.0).

Five Equidistant Points Thicknesses (Figure 2.A.5.b) were given by the values of

FE PSD-th\'ckness-

2.6.4.2 Area (2D) features

All 2D features were given in squared millimeters. In Figure 2.5.c, the main 2D
features were shown. Total area was given by the area of the FRq The head
areq, fillet areaq, ventral area, body-without-caudal-fin area, ventral area, and the
fin area (Figure 2.5.c), were given by the area computation of the respective 2D

pseudo-landmarks region.

2.6.4.3 Volume (3D) features

All 3D features were given in cubic centimeters. Figure 2.6 shows the three-
dimensional representation of the Depth image. For the volume of a fish to be
calculated, the integral of the Depth-FRe must be first determined. This is
equivalent to the calculated sum of the gray value g(yx) of each pixel with

coordinates (y,x) belonging the Depth-FRg , i.e.

vol = Z 9, x)

(v x)EDepth—FRgff

Following this definition, the total volume of the fish is the grey values area of

De pth‘FRqﬁ’.
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To compute the volume for each of the segmented regions the above-described
equation was applied to each region (Figure 2.6.a0-c). To determine the ventral
volume, the integral of Depth-VentralRegion, a cropped region of Depth-FRqs
was applied. In the same manner the head volume and fillet volume were

computed. The calculation of volume is depicted in Figure 2.7.
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Table 2.A1. Number of records (N), mean and coefficient of variation (CV) of
morphometric traits.

Morphometric trait* N Mean cv
Total length 931 290.9 5.33
Standard length 932 250.6 5.53
Tail excluded length 931 2264 5.78
Fillet length 930 162.0 645
Maximum thickness 928 36.3 819
Maximum height 931 103.9 6.84
15t equidistant height 932 80.8 6.14
2" equidistant height 932 102.7 6.67
3 equidistant height 932 89.7 6.90
4" equidistant height 930 59.7 9.71
g 5" equidistant height 931 28.7 9.76
< 15t equidistant thickness 928 36.8 10.5
B 2" equidistant thickness 921 36.7 8.23
o 3 equidistant thickness 928 317 9.38
4 equidistant thickness 920 254 22.8
Head height 933 90.9 6.21
Head length 929 644 6.35
Peduncle height 932 22.8 718
Fish eccentricity 928 90.6 0.80
Head eccentricity 930 62.1 6.10
Perimeter length 933 1749 616
Perimeter length without tail 926 1547 7.81
Thickness by height 926 35.0 6.77
Height by length 930 357 4.06
Total area 932 19026 1.2
Tail area 933 1510 21.9
Head area 932 3879 1.6
- Relative head area 931 204 7.06
g Tail excluded area 933 17523 1.3
< Trunk area 932 13071 12.0
Fillet area 932 10546 13.9
Relative fillet area 927 554 5.96
Ventral area 924 2500 231
Total volume 933 494.8 17.7
Trunk volume 933 355.6 19.0
S'E) Fillet volume 933 281.2 204
2 Ventral volume 927 73.8 274
(>3 Relative ventral volume 927 14.9 21.8
Ventral volume by fillet volume 927 209 224
Head volume 933 139.2 171

* All distance and area metrics were in millimeters and squared millimeters, respectively.
The volume metrics were cubic centimeters.
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Table 2.A.3. Genetic and environmental

morphometric traits.

variance, and heritability estimates of

Morphometric trait* Va Ve h2+ se
Total length 16.95 121.77 044 = 0.05
Standard length 1418 29.90 0.32 £ 0.05
Tail excluded length 13.22 14.35 048 + 0.05
Fillet length 10.89 13.97 044 +0.05
Maximum thickness 0.85 2.80 0.23 £ 0.05
Maximum height 1.59 745 017 £0.05
18t equidistant height 0.98 216 0.31+0.05
2" equidistant height 219 4.94 0.31+0.05
39 equidistant height 1.97 3.96 0.33 % 0.05
4™ equidistant height 358 9.61 0.27 £ 0.05
g 5 equidistant height 2.03 4.08 0.33+0.05
5 18 equidistant thickness 0.97 8.25 0.11+0.05
B 2" equidistant thickness 0.60 3.06 016 + 0.05
= 34 equidistant thickness 043 2.04 017 + 0.05
41 equidistant thickness 1.26 28.98 0.04 +0.03
Head height 1.81 344 0.35+0.06
Head length 2.51 5.96 0.30 + 0.05
Peduncle height 0.30 0.56 0.35 £ 0.05
Fish eccentricity 15*10° 2.9*10° 0.35 +0.05
Head eccentricity 34*10* 9.0 *10* 0.27 £ 0.05
Perimeter length 842 2515 0.25+ 0.05
Perimeter length without tail 945 7697 011+ 0.05
Thickness by height 12*10* 31*10* 0.28 £ 0.05
Height by length 53*10° 1.2*10* 0.30 £ 0.05
Total area 90768 152323 0.37 £0.05
Tail area 5088 72336 0.06 = 0.05
Head area 22391 49169 0.31+0.05
- Relative head area 040 1.39 0.22 + 0.05
g Tail excluded area 77139 185844 0.29 + 0.05
Trunk area 43119 131874 0.25+0.05
Fillet area 60858 347050 015 £0.05
Relative fillet area 1.00 7.80 011+ 0.04
Ventral area 52228 181734 0.22 = 0.05
Total volume 28.91 406.0 0.07+0.03
Trunk volume 2845 204.94 012 £0.04
"EJ Fillet volume 24.69 302.20 0.07 £ 0.04
2 Ventral volume 56.31 186.14 0.23 £ 0.05
g Relative ventral volume 2.37 6.99 0.25+0.05
Ventral volume by fillet volume ~ 4.39 1441 0.23+0.05
Head volume 28.98 138.84 0.23+0.05

* All distance and area metrics were in millimeters and squared millimeters, respectively.

The volume metrics were cubic centimeters.

50



Table 2.A.4. Genetic correlations between morphometric traits and production traits.

Morphometric trait* HwW#* FW FF ViswW
Total length 0.93 £ 0.02 -0.30+019  -019 £0.10 -0.24+£0M
Standard length 0.92 +0.02 -0.39£ 019 -0.34+0M -0.32+ 0.1
Tail excluded length 0.92 +£0.02 -029+018 -026+x010 -029x0.10
Fillet length 0.90 £ 0.02 016 +0.19 0.02+0M -017£0M
Maximum thickness 0.84 £ 0.04 0.28 +0.22 042 £ 012 -0.02 £ 014
Maximum height 0.97 + 0.01 -007+£025 -025%015 -018 £ 0.16
1% equidistant height 0.96 = 0.01 -0.25+020 -030=+0.1 -0.20 £ 012
2" equidistant height 0.96 = 0.01 -013£0.21 -0.23+ 012 -012+£0.14
3 equidistant height 0.96 = 0.01 -021+020 -020+012 -0.07*0.12
4" equidistant height 0.90 £0.03 -013£0.21 -0.27 £ 012 -013£013
g 5™ equidistant height 0.59 £ 0.08 0.07 £ 0.21 0.06 £ 012 013012
5 15 equidistant thickness 0.82 + 0.07 0.21+0.28 0.55 +0.18 -0.07 £ 018
% 2" equidistant thickness 0.91+0.03 042 +0.22 0.63 + 013 013+ 015
O 3d equidistant thickness 0.96 = 0.01 0.61+ 017 0.72 £ 0.09 019 +0.15
4" equidistant thickness 0.80 £ 012 -015+0.38 0.60 £ 0.37 0.31+0.34
Head height 0.95£0.01 -063+014  -061+0.09 -027+0.12
Head length 0.78 £ 0.05 -068+013 -057+010 -0.25%*012
Peduncle height 0.90 £ 0.02 0.07 £ 0.21 -012+ 01 -0.27 £ 012
Fish eccentricity -056+0.08 -0.18+0.20 -0.07+£0M -013 £012
Head eccentricity 0.31+0.12 0.57+019 016+ 012 0.06 + 013
Perimeter length 0.90+0.03 002023 -022*013 -034+013
Perimeter length without tail 0.86 + 0.05 -015 £ 0.27 -015+0.16 -0.27+ 017
Thickness by height -0.31+0.19 0.23+0.20 042 £ 012 -0.01+013
Height by length 0.55 = 0.09 014 £ 0.21 0.02 £ 012 010+ 013
Total area 0.98 = 0.01 -031+019  -052+010 -036*0M
Tail area 0.89 £ 0.05 -029+031 -034+021 -015%0.22
Head area 0.88 £ 0.03 -069+013  -061+0.09 -0.25+*0.12
o _Relative head area -0.37+ 012 -0.51+0.19 -0.58 £ 0.10 -013 014
g Tail excluded area 0.98 = 0.01 025020 -047=*011 -0.37+ 012
Trunk area 0.98 = 0.01 0.27+0.22 -023+013 -026%014
Fillet area 0.97 = 0.01 -044+£024 -0.75 %015 0.04+0.16
Relative fillet area 0.55 £ 0.13 -0.77 £ 012 -0.54 £ 011 0.33+0.16
Ventral area 0.61+ 010 0.60 + 0.22 0.39+0.13 -0.20+ 014
Total volume 1.00+0.002 045+0.28 -005*020 -037=%0.20
Trunk volume 0.99 = 0.003 0.89 £ 0.10 045 +0.16 -0.04 =017
o _Fillet volume 0990003 -010x035 -031£022 023x0.20
g Ventral volume 0.70 + 0.07 0.64 = 0.20 043 013 -018 £ 0.13
g Relative ventral volume -0.24 £ 013 0.62 +0.21 045 £ 013 -016 £ 013
Ventral volume by fillet -0.35+ 012 052+0.23 039+014 -0.20 £ 013
volume
Head volume 0.93 £ 0.02 -054+020 -047*012 -036=*0.13

HW = Harvest weight, FW = Fillet weight, FF = Fillet fat percentage, VisW = Viscera weight

#Harvest weight was a covariate in the genetic models for all traits except for harvest
weight

* All distance and area metrics were in millimeters and squared millimeters, respectively.
The volume metrics were cubic centimeters.
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Table 2.A.5. Phenotypic correlations between morphometric traits and production
traits.

Morphometric trait* HW FW FF VisW
Total length 0.92 + 0.01 0.87 + 0.01 0.20 £ 0.04 0.70 £ 0.02
Standard length 0.88 £ 0.01 0.83 £ 0.01 0.18 £ 0.04 0.67 +0.02
Tail excluded length 0.92+0.01 0.87 £ 0.01 0.20 + 0.04 0.69 £ 0.02
Fillet length 0.89 £ 0.01 0.86 + 0.01 024+ 0.04 0.67 £0.02
Maximum thickness 0.73 +0.02 0.72 £0.02 0.27 + 0.04 0.62 * 0.03
Maximum height 0.91+0.01 0.87 £ 0.01 0.25 = 0.04 0.74 £ 0.02
15t equidistant height 0.94+0.01 0.89 + 0.01 019 +0.04 0.72+0.02
2" equidistant height 0.93+0.01 0.88 +0.01 0.27 £ 0.04 0.75+0.02
3 equidistant height 0.93 = 0.01 0.88 = 0.01 0.26 = 0.04 0.75 +0.02
4" equidistant height 0.79 £ 0.02 0.75+0.02 017 £ 0.04 0.62 +0.03
g 5t equidistant height 0.51+0.03 050+ 0.03 013 +0.04 044 +0.03
5 15t equidistant thickness 0.55 £ 0.03 0.55 £ 0.03 018 £ 0.04 044 £0.03
B 2" equidistant thickness 0.77 £ 0.02 0.75+0.02 0.30 + 0.04 0.65 + 0.02
O " 3d equidistant thickness 0.87 £ 0.01 0.86 £ 0.01 040 = 0.04 0.75+0.02
4 equidistant thickness 0.34+0.03 0.35 + 0.03 0.16 £ 0.04 0.28 £ 0.03
Head height 0.92+0.01 0.86 + 0.01 015 +£0.04 0.71+0.02
Head length 0.68 + 0.02 0.60 £ 0.03 -0.03+ 0.04 049 +0.03
Peduncle height 0.84 = 0.01 0.81+0.01 0.20 £ 0.04 0.66 = 0.03
Fish eccentricity -0.38+0.04 -0.36+ 0.04 -0.23+0.04 -0.37 + 0.04
Head eccentricity 0.25 + 0.04 0.25 + 0.04 013 +0.04 0.19 = 0.04
Perimeter length 0.83+0.01 0.79 £ 0.02 0.24 £0.04 0.65+0.03
Perimeter length without tail 0.63+0.02 0.60 +0.03 0.11+0.04 047 £ 0.03
Thickness by height -014 £ 0.04 -010 £ 0.04 014+ 0.04 -0.09 = 0.04
Height by length 036+ 0.04 0.35+0.04 0.23+0.04 0.38+0.04
Total area 0.98 + 0.002 0.92 + 0.01 0.24 £ 0.04 0.77 £ 0.02
Tail area 0.55 £ 0.03 0.53£0.03 0.18 £ 0.04 046 = 0.03
Head area 0.81+0.02 0.73 £ 0.02 0.06 + 0.04 0.60 + 0.03
o _Relative head area -0.30 + 0.04 -0.35 £ 0.04 -0.37 £ 0.03 -0.27 £ 0.04
g Tail excluded area 0.97 £ 0.003 0.91+0.01 0.23+0.04 0.76 £ 0.02
Trunk area 0.97 £ 0.003 0.92 +0.01 0.27 £ 0.04 0.77 £0.02
Fillet area 0.91+0.01 0.86 + 0.01 0.23+0.04 0.74 + 0.02
Relative fillet area 0.32+0.04 030 £ 0.04 0.003 £ 0.04 0.29 £ 0.04
Ventral area 0.37 = 0.04 0.39 £ 0.04 0.17 £ 0.04 0.27 + 0.04
Total volume 0.97 £ 0.002 0.94 £ 0.01 0.30 = 0.04 0.79 £0.02
Trunk volume 0.97+0.002 095+0.004 0.33+0.04 0.80 + 0.02
o _Fillet volume 0.95 £ 0.004 0.92+0.01 0.30 £ 0.04 0.79 £ 0.02
g Ventral volume 0.53 £ 0.03 0.50 £ 0.03 0.23 = 0.04 0.38 = 0.04
g Relative ventral volume -0.18 £ 0.04 -0.15 £ 0.04 0.03+0.04 -0.17 £ 0.04
Ventral volume by fillet -0.25+ 0.04 -0.23+0.04 -0.03+0.04 -0.23£0.04
volume
Head volume 0.83 = 0.01 0.74 = 0.02 014 = 0.04 0.64 £ 0.03

HW = Harvest weight, FW = Fillet weight, FF = Fillet fat percentage, VisW = Viscera weight

* All distance and area metrics were in millimeters and squared millimeters, respectively.
The volume metrics were cubic centimeters.
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Figure 2.A.1. X-Rite ColorChecker® Classic with 24 natural objects.

Figure 2.A.2. a) the smallest rectangle orthogonal to the image reference
system (IRS). b) the contour of rough segmentation of the body without
caudal fin and the vertical line passing through the tip of the body. c) the
total length (red line) and the standard length (blue line) of the fish. d) the

maximum height of the fish.
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Figure 2.A.3. a) the front region and the four quadrants in which this region
was automatically divided. b) a large part of the black spot was in the first
quadrant. c) the black spot centroid defines the vertical line that separate

the head region from the rest of the body (blue line). d) the head region.

Figure 2.A.4. a) the entropy of the gray values of the blue channel image
limited to fourth quadrant. b) the base of the lateral fin region and the
smallest rectangle around this region. ¢) the ventral region. d) the fillet

region.
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Figure 2.A.5. The automatic computation of the five equidistant points (FEP)
and their projection on the segmented fish in a) RGB image and in b) Depth
image. The FEPsp.thickness are thickness values, expressed in millimeters, of the

fish evaluated using the depth image onto each equidistant point.
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Abstract

Genomic selection (GS) accelerates genetic gain compared to classical selection
methods but is not widespread in fish breeding in part due to the high cost of
genotyping a large reference population. This cost can be eliminated entirely
using computer vision to predict phenotypes for selection candidates and
estimating breeding values using predicted phenotypes for the selection
candidates without genotyping a reference population. Instead, images and
observed phenotypes provide a training dataset for phenotypic prediction
models from the reference population. This paper compares the accuracy of
GEBVs between GS designs where the reference population contributes
genotypes and phenotypes (i.e, standard genomic selection) (GS_S), and a
reference population that contributes phenotypic prediction equations without
genotypes and genomic analyses use predicted phenotypes for selection
candidates’ own predicted records (genomic selection with predicted
phenotypes) (GS_PP). For a number of traits, the GEBVs were more accurate in
GS_PP designs than in GS_S designs with less genotyping effort and cost (8% for
harvest weight, 13% for fillet weight, 44% for fillet yield, 1% for fillet fat, 10% for
viscera weight, and 1% for viscerosomatic index). Our findings show that image
analysis can reduce the genotyping costs of a GS breeding program and

simultaneously improve the accuracy of the GEBVs.
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3.1 Introduction

Genomic selection (GS) accelerates genetic gain compared to classical selection
methods (Meuwissen et al., 2001), and has become routine for terrestrial farm
animals in the last two decades. However, GS is applied routinely only in Atlantic
salmon (Sa/mo salar) (Boudry et al., 2021). For other farmed fish species, GS is

used experimentally, or its application is still in early stages (Zenger et al.,, 2017).

In standard GS breeding programs, selection candidates and performance
tested animals in the reference population must be genotyped to estimate
breeding values for the candidates via the genomic relationship matrix (GRM)
(Kriaridou et al., 2020). A large reference population may be necessary to obtain
high accuracies, especially for traits with low heritabilities (Goddard et al,, 2011),
incurring high costs for implementation and impeding the adoption of this
technology. Much research has focused on reducing genotyping costs including
lowering the density of SNP panels (Kriaridou et al., 2020), imputation of SNPs
(Bolormaa et al, 2015), and reducing sib testing (Sonesson and Meuwissen,

2009).

In fish breeding programs, breeding goals may consist of sib traits that require
slaughtering fish to be quantified, such as processing yield and product quality
(Chavanne et al,, 2016). If included in the breeding goals, these traits are improved
using sib data. Selection on sib data limits genetic progress because only the
between family variance is exploited unless genomic selection is used to capture
the within family Mendelian sampling variance. Alternatively, indicator traits
measured on selection candidates can be used to genetically improve sib traits.
However, the efficiency of selection using indicator traits depends on both the
genetic correlation with the sib traits and heritability (Falconer and Mackay,
1996). In Chapter 2, we showed that computer vision yields several indicator traits

that have high heritabilities and genetic correlations with important sib traits.

Computer vision involves extraction of information from digital images (Dowlati

et al, 2012; Navarro et al, 2016). In Chapter 2, we developed an automated
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process to extract morphometric measurements from 2-dimensional (2D) and
3-dimensional (3D) images of gilthead seabream. The automated computer
vision process yielded several morphometric measurements that consisted of
distances, areas, and volumes of different body parts. In this study, we aim to
establish a novel low-cost GS design using the morphometric measurements
produced in Chapter 2. This GS design uses predicted phenotypes of selection
candidates as performance data. In this design, ungenotyped fish contributes
phenotypes for sib traits and automated morphometric measurements. These
phenotypes and morphometric measurements are then used to build phenotypic
prediction models and predict the phenotypes of selection candidates for sib
traits. The proposed GS design eliminates the need to genotype a reference

population, which results in reduced costs compared to traditional GS designs.

To achieve this, the objectives of this paper are to i) predict phenotypes of
production traits using morphometric measurements in gilthead seabream that
were obtained in Chapter 2, ii) estimate the genetic correlations between
observed and predicted phenotypes, and finally iii) compare the accuracy of
GEBVs between standard GS designs (GS_S) and a novel design where genetic
analyses are performed using predicted phenotypes for selection candidates

(genomic selection with predicted phenotypes) (GS_PP).

3.2 Materials & Methods

3.21 Production sites and production of experimental fish

For this experiment, a population of juveniles was produced by mass spawning
33 males and 20 females on a single day. When fish reached an average weight
of 3 grams, a batch of 84,650 juveniles was stocked in a sea cage near El

Campello, Spain (Cudomar SL) and grown under commercial conditions.

3.2.2 Phenotypic data collection
We collected data on production traits from the commercially produced fish at
harvest after a grow-out period of 500 - 504 days. In total, we measured 945 fish

over 5 days (daily 150 - 200 fish). The data collection process was explained in
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detail in (Gulzari et al.,, 2022). In short, we collected data on 1) harvest weight, 2)
fillet fat percentage estimations on whole fish from eight points (four on each
side of the fish) using a Distell Fish Fat meter (Distell Inc., West Lothian, Scotland)
and averaging the eight measurements on the same fish, 3) viscera weight
(including all the internal organs and fat), 4) viscera percentage as (viscera
weight / harvest weight) x 100, 5) fillet weight for only left side and multiplied by
two to estimate the total fillet weight, 6) fillet yield as (total fillet weight/harvest
weight) x 100. Measurements taken on a single day were performed by the same
person for each trait.

We used R software and the “tidyverse” package collection to edit and organize

the data (R Core Team, 2020; Wickham et al,, 2019).

3.2.3 Image acquisition and morphometric measurements

The 2D and 3D images of the whole fish were acquired using an Intel®
RealSense™ D435 Depth Camera (Intel Corp., Santa Clara, California, USA), we
automated the extraction of morphometric measurements with Halcon 2011
framework (MVTec Software GmbH, Munich, Germany) (Eckstein and Steger,
1999). The automated process of morphometric measurement extraction was
explained in detail in Chapter 2. In short, 40 morphometric measurements were
extracted from 2D and 3D images of 933 gilthead seabream including 24

distance, nine area, and seven volume measurements.

3.2.4 Prediction of phenotypes and genetic analyses

3.2.41 Prediction of phenotypes

We used multiple linear regression models to create phenotypic prediction
models using all available data. In these models, we defined the phenotypic
prediction accuracy as the correlation between observed and predicted
phenotypes, which was tested using 10-fold cross-validation. The predictor
variables in those models were the morphometric measurements and their

interactions. We added predictors to the linear regression models using forward
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selection. The models were called “final models” when they resulted in the highest

correlation between observed and predicted phenotypes.

3.2.4.2 Genetic analyses

3.2.4.21 DNA extraction and genomic relationship matrix

IdentiGEN (Dublin, Ireland) isolated the DNA from fin clips and performed the
genotyping using the ~30k “MedFish” SNP array (Pefaloza et al., 2021). We
excluded SNPs that had no call rates exceeding 10%, that were monomorphic, or
that had Hardy-Weinberg equilibrium exact test p-values below 1e-10. We
computed a genomic relationship matrix (GRM) based on the remaining 28164

SNPs by using “vanraden” option (VanRaden, 2008) in calc_grm software (Calus

and Vandenplas, 2019), in which the GRM is computed as G = ﬁ . To use
piPi \L~Pi

this option, we coded marker genotypes as “07, “1°, or “2”. Z is a matrix that
contains marker genotypes for all loci, corrected for the allele frequencies per
locus. p; is the frequency of the minor allele. The inverse of the GRM matrix was
obtained directly from calc_grm by using “giv” function.

3.2.4.2.2 Estimation of heritabilities and correlations

We estimated the heritabilities of and genetic correlations between observed
and predicted phenotypes using bivariate animal models in ASReml-R version 4.1
(Gilmour et al, 2015).

In those models, we included “sampling day” as a categorical fixed effect with
one level for each of the five measurement days to account for the sampling
bias and effect of the person who measured the production traits on a single
day. Gilthead seabream is protandrous (Loukovitis et al.,, 2011), and all individuals
were males at harvest. Therefore, we did not include “sex” as a fixed effect in our

analyses.

3.2.5 Comparing accuracy of GEBVs between genomic selection designs
For each trait, we compared the accuracy of GEBVs between GS_S, and GS_PP.

In GS_S, the reference population was assumed to be slaughtered for
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phenotyping and genotyped, whereas selection candidates were genotyped but
not phenotyped. Using phenotypes of reference population and genotypes of
reference population and selection candidates, GEBVs were estimated. In GS_PP,
ungenotyped fish were assumed to be imaged before slaughtering for
phenotyping, which was used to build phenotypic prediction models. Then the
phenotypes of genotyped selection candidates were predicted using these
models, and GEBVs were estimated using the predicted phenotypes as
performance data. A visualization of GS_S and GS_PP can be found in Figure 31

and Figure 3.2, respectively.

Reference population

Genotyped and phenotyped

Selection candidates /

Genotyped only <

Genomic predictions -

Breeding values

Figure 3.1. Standard genomic selection design. In this design slaughtered fish
are used as reference population to predict breeding values for slaughter

traits on selection candidates.

In both designs, we estimated the accuracy of GEBVs using 20-fold repeated
random subsampling cross-validation. In each repeat, we split the data into two
equal sized parts and treated one part as the reference population (slaughtered
fish) and the other part as the selection candidates. For GS_S, the reference
population was phenotyped and genotyped, and selection candidates were
genotyped but not phenotyped. For GS_PP, the slaughtered fish was phenotyped
but not genotyped. Phenotypes of selection candidates were predicted as

described in “prediction of phenotypes’. GEBVs for the selection candidates were
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Slaughtered fish Phenotypic prediction models for
slaughter traits

v

Phenotyped and imaged

Selection candidates

Genomic predictions

v

Genotyped and imaged

Breeding values

Figure 3.2. Genomic selection design with predicted phenotypes. In this
scheme, slaughtered fish are not genotyped but used to build phenotypic
prediction models which can be used to predict phenotypes directly on

selection candidates.

estimated using a univariate animal model in ASReml 4.1. This model was y =
XB + Zu + e, where y is a vector of phenotypes of the reference population in
GS_S or the predicted phenotypes of selection candidates in GS_PP, B is the
vector of the fixed effect of “sampling day”, u is the vector of random animal
additive genetic effects ~(0,Ga?2) where Gis the GRM, ¢2 is the genetic variance,
and e is the vector of random residual effects ~(0,162) where /is an identity
matrix. For each repeat, we estimated the accuracy of the breeding values
separately as /1 — (se2/a2) where se was the mean standard errors of GEBVs

of the selection candidates and averaged the accuracies.

3.3 Results
The results for the phenotypic prediction models are presented in “FPrediction of
phenotypes” and the summary statistics for the predicted and observed

phenotypes are presented in section “Summary statistics’.
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3.3.1 Prediction of phenotypes

The final model for each trait using all data is presented in Table 3.1. The highest
accuracy was always achieved with two predictors. In Table 3.1, accuracy of the
models with a single predictor is presented in addition to the final accuracies
(reduced model). The highest accuracy of the phenotypic prediction was
obtained for harvest weight. Weight traits were predicted with higher accuracies

than ratio traits.

Table 3.1. Phenotypic prediction accuracies for final model and reduced

model.

Trait Model Final model = Reduced model N’
Harvest weight (g) -75.02 + 055 x P1+ 0.02 x P2 0.98 0.97 932
Fillet weight (g) -52.57 + 0.24 x P1+ 0.01 x P2 0.92 0.90 932
Fillet % 52.83-0.78 x P3+ 010 x P4 0.27 0.23 928
Fillet fat (%) 3.98 + 0.60 x Ps- 0.01 x Ps 053 040 927
Viscera weight (g) -1248 + 0.05x P1+ 0.75 x Ps 0.78 0.77 928
Viscerosomatic 036 0.26 926
Index (%) 765 + 016 x Ps- 0.03 x Py

P1= Trunk volume, P, = Total areq, Ps = Relative head areaq, P4+ = Head length, Ps = 3 equidistant

thickness, Ps = Head area, P7 = Tail excluded length

Reduced model is a simple regression model with the highest prediction

accuracy. N'= Number of available records for both predictors in each model.

3.3.2 Summary statistics
Summary statistics for observed and predicted harvest weight, fillet weight, fillet
yield, and fillet fat (%), viscera weight, and viscerosomatic index are shown in
Table 3.2. The means of observed and predicted phenotypes were equal.
However, the coefficient of variation (CV) of the predicted phenotypes was lower,
most notably for ratio traits.
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Table 3.2. Means and coefficients of variation (CV) of observed and predicted

traits.

Observed Predicted
Trait

Mean cv Mean cv
Harvest weight (g) 412.2 17.0 411.9 16.6
Fillet weight (@) 180.0 19.5 179.9 179
Fillet yield (%) 43.6 7.8 43.6 2.2
Fillet fat (%) 127 221 127 n7s
Viscera weight (g) 294 235 294 184
Viscerosomatic index (%) 71 14.7 71 5.2

3.3.3 Genetic parameters

The genetic parameters for observed and predicted phenotypes are presented

in Table 3.3. For predicted fillet weight, viscera weight, and fillet yield, the

environmental variation decreased more than genetic variation compared to

observed phenotypes, resulting in higher heritabilities. Genetic correlations of

predicted phenotypes to observed phenotypes are also presented in Table 3.3.

Table 3.3. The genetic variation (Va), environmental variation (Vg), and

heritability (h?) of observed and predicted phenotypes.

Observed Predicted Genetic
Trait

Va \'3 h?2+ se Va \'3 h2% se correlation
Harvest weight (g) 280146 241548 0.54 £ 0.05 2602.71 2389.27 052+0.05 1.0 £ 0.001
Fillet weight (g) 58919 659.03 047 £0.05 565.58 526.65 0.52 £ 0.05 0.99 £ 0.01
Fillet % 1.02 749 012 £0.04 0.28 0.62 0.31+0.05 0.74 £ 013
Fillet fat (%) 3.36 335 0.50 £0.05 0.82 1.21 040 £ 0.05 0.65 £ 0.07
Viscera weight (g) 2334 2795 046 £0.05 15.56 15.59 0.50 £0.05 0.79 £ 0.04
Viscerosomatic 048 0.58 045 +0.05 0.04 0.08 0.36 £ 0.05 0.22+012

index (%)
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3.3.4 Accuracy of GEBVs in genomic selection designs GS_S and GS_PP

In GS_PP designs, phenotypic prediction models were fit in each replicate using
the reference population data, which is half of the population. In those replicates,
the most frequently observed predictors were the same as in Table 3.1, except for
fillet fat percentage. For fillet fat percentage, the second most frequently
observed predictor was thickness by height instead of head area. The mean
phenotypic prediction accuracies were similar irrespective of using half of the

data or all available data (Table 34).

The accuracy of the GEBVs in GS_S and GS_PP designs is presented in Table 34.
For all traits, the accuracy of the GEBVs was higher in GS_PP than in GS_S, most
notably for fillet yield. The standard deviations across replicates were slightly

higher when half of the data was used (GS_PP).

Table 3.4. The accuracy of the GEBVs in GS_S and GS_PP designs, and
phenotypic prediction accuracies in GS_PP designs (inside brackets are

standard deviations).

Accuracy of the GEBVs Phenotypic prediction
Trait

GS_S* GS_PP* accuracies in GS_PP
Harvest weight (@) 0.75(0.02) 0.81(0.03) 0.98 (0.00)
Fillet weight (g) 0.72 (0.03) 0.81(0.03) 0.91 (0.01)
Fillet % 0.50 (0.09) 0.72 (0.05) 0.24 (0.04)
Fillet fat (%) 0.75(0.02) 0.76 (0.03) 0.50 (0.03)
Viscera weight (9) 0.73(0.02) 0.80 (0.02) 0.78 (0.02)

Viscerosomatic index (%) 0.74 (0.02) 0.75 (0.04) 0.34 (0.05)

*GS_S = Standard genomic selection, GS_PP = Genomic selection with predicted

phenotypes
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3.4 Discussion

In this study, we introduced a novel approach using predicted phenotypes of
selection candidates as performance data in genomic prediction models. Using
seabream data, we demonstrated that predicting phenotypes with image
analysis could significantly reduce the cost of genomic selection by eliminating
genotyping costs for the reference population. In our dataset, GS_PP produced
higher accuracies for GEBVs than GS_S with our approach, in which we took half

of the population as selection candidates.

Using our dataset, we show that genomic selection using predicted phenotypes
can accelerate genetic improvement compared to standard genomic selection.
It should be noted that the GEBV accuracies in GS_S depends largely on the size
of the reference population (Daetwyler et al, 2008) and the accuracy of the
GEBVs improves gradually with increasing the size of the reference population
(Dagnachew and Meuwissen, 2019). If enough resources are available, almost
unity GEBV accuracies can be obtained by using large reference populations.
However, in GS_PP design increasing the number of selection candidates has a
stronger effect on the GEBV accuracies because selection candidates in GS_PP
contribute performance data to the breeding value estimations. In addition,
increasing the number of selection candidates also increases the selection
intensity, which in combination should lead to higher selection responses in

GS_PP.

Heritability is one of the determinants of the accuracy of GEBVs and higher
heritabilities leads to higher accuracies (Daetwyler et al, 2008; Nielsen et al.,
2009). Therefore, the higher accuracies of GEBVs in GS_PP could partially be
attributed to the higher heritability of predicted phenotypes, especially for fillet
yield. The predicted phenotypes are expected to be more uniform than observed
phenotypes because they are built using automated morphometric
measurements, which are less prone to measurement errors than manual
phenotyping (Navarro et al., 2016). Manual measurement of fillet yield is known
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to be especially prone to errors (Rutten et al., 2004), which may have contributed
to higher heritability of predicted fillet yield. In addition, the standard error of the
genetic correlation between observed and predicted fillet yield was higher
compared to other traits, which may also have been caused by the difference

between the uniformity of observed and predicted phenotypes.

For weight traits and fillet fat percentage, there were not large differences
between the heritabilities of observed and predicted phenotypes, but the
accuracies in GS_PP were still higher for these traits. In GS_S and GS_PP, the
number of phenotypes available was the same and the difference was that in
GS_PP, the selection candidates had their own predicted performance records,
which may explain the higher accuracy of the GS_PP design. This is consistent
with the findings of Garcia-Ballesteros et al., (2022), who compared the accuracy
of GEBVs for scenarios where a sib trait was measured on the sibs of the selection
candidates versus measuring an indicator trait on the same number of selection
candidates. In their study, the accuracy of the GEBVs for the indicator trait was
higher when the heritability of the sib trait and indicator trait were equal. In our
study, the predicted phenotypes are correlated indicator traits for observed

phenotypes.

The GS_PP design reduces the genotyping effort considerably by removing the
need to genotype a reference population. The phenotyping effort may also
reduce by reducing the number of slaughtered fish; however, phenotypic
prediction accuracies may deteriorate. In our analyses, reducing the number of
slaughtered fish from 900 (Table 31) to 450 (Table 34) did not lead to a
noteworthy deterioration in phenotypic prediction accuracies. However, further
reduction of the number of slaughtered fish may affect the accuracy
unfavorably. Therefore, attention should be paid to slaughtering an adequate
number of fish to obtain optimum phenotypic prediction accuracies. Phenotyping
effort can further be reduced by reusing the slaughtered fish in future
generations, which eliminates the need to slaughter fish in every generation. The
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advantage of this is that considerably less labor is required in the breeding
program. Phenotypic predictions might be relatively robust once established,
although it cannot be excluded that morphometric dimensions change because
of selection. In common sole, Blonk et al. (2010) showed that selection will change
the shape of fish. A similar trend was observed for Nile tilapia (Trong et al., 2013).
In this study, the selection candidates and slaughtered fish originated from the
same environment and were closely related. However, in many fish breeding
programs, the selection candidates are generally kept in a different environment
than slaughtered fish. Genotype by environment interaction can occur between
different production systems (Khaw et al., 2012; Sang et al., 2020), which can
affect the shape of the fish and proportions of the body between environments.
For example, Trong et al., (2013) has shown that there is substantial GxE for shape
traits in Nile tilapia between different production systems. This may result in lower
accuracy in phenotypic predictions of selection candidates, which should be

tested and validated in further studies.

Predicting phenotypes with digital images can be advantageous in pedigree-
based breeding programs when sibs are slaughtered to measure sib traits. These
sib populations can be used as training data for phenotypic prediction models,
which can then be used to predict own performance of selection candidates. This
design allows exploiting Mendelian variance, which should result in increased

selection responses.

3.41 Phenotypic predictions

The breeding goal in fish breeding programs may include only growth, which is
strongly correlated to harvest weight (>0.99) (Gulzari et al, 2022), or a
combination of growth and other traits. If growth is the only trait in the breeding
goal, capturing images of the fish to predict harvest weight seems like an
unneeded effort. However, imaging the fish could still be relevant in this case. If

other traits are added to the breeding goal in later generations, the images of
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the ancestors can be used to predict ancestral phenotypes, which may increase

the accuracy of EBVs in offspring.

Another advantage of using predicted rather than observed weights is that
predictions are far less prone to bias and error. Taking accurate weights on live
fish is notoriously difficult, and stressful to the animals. High throughput imaging
should lead to higher precision, which is shown in Table 3.2 where CV of observed

phenotypes was in all cases higher than the CV of predicted phenotypes.

To our knowledge, the phenotypic prediction accuracy for estimated fillet traits
in seabream has not been reported before using morphometric measurements
in multiple regression models. However, Sang et al. (2009) investigated the
prediction accuracy of multiple regression models for river catfish
(Pangasionodon hypopthalmus) with manual morphometric measurements as
predictors. Similar to our study, volume of the fish was the most important
predictor in their study for fillet traits. The phenotypic prediction accuracy for
fillet weight in this study agrees well with the value of 0.93 reported by Sang et
al. (2009). However, they reported a much higher prediction accuracy for fillet
yield (0.86) than in this study. An explanation for this difference might be that the
elongated shape of catfish enables more accurate predictions from
morphometric measurements, especially volume. High prediction accuracy
found in this study for fillet weight (0.92) is slightly lower than the value reported
by Navarro et al., (2016) (0.97), who used fillet area in gilthead seabream. This
indicates that the predictive power of the morphometric measurements may
differ between unrelated populations of seabream. Relative head area was the
morphometric measurement with the highest predictive power for fillet yield. This
result is consistent with the findings in common carp (Cyprinus carpio) (Prchal et

al, 2020, 2018).

3.5 Conclusions
Our findings show that image analysis can reduce the genotyping costs of a GS

breeding program and simultaneously improve the accuracy of the GEBVs. The
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accuracy of the GEBVs was higher in GS_PP designs for all production traits, in
which slaughtered fish contributed images and observed phenotypes, and
genetic analyses were performed with predicted phenotypes of selection

candidates.
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Abstract

In pedigree-based breeding programs, selection candidates typically do not
have offspring and therefore get family-average breeding values for traits that
can only be phenotyped on their siblings. Genomic selection (GS) overcomes this
drawback by capturing Mendelian sampling effect within families. Despite this
advantage, GS is not widely used in fish breeding programs. The performance of
GS programs depends largely on genotyping and phenotyping strategies. Much
research has focused on genotyping strategies; however, phenotyping strategies
are also influential on the performance of GS. Therefore, we aimed to test the
effect of phenotyping effort on the selection response in a difficult-to-measure
trait (DIF) and harvest weight (HW) in a genomic selection program with fixed
genotyping effort. We simulated a two-stage selection scheme in which all
candidates were genotyped, and varying proportions were preselected on
phenotypic harvest weight and unselected candidates were slaughtered to
obtain data on DIF. Final selection was on an index with equal weights on
genomic breeding values for HW and DIF. The DIF had either a positive (04) or
negative (-0.1) genetic correlation to HW. We simulated traits with additive gene
effects for 1,000 QTL for HW and an additional 1,000 QTL for DIF. In the first
generation, the maximum response in selection index was obtained with a
preselected proportion of 40% when r; = 0.4 and 50% when 1, = —0.1. For both
levels of genetic correlations, the responses in selection index with all other
preselected proportions were close to the maximum response. In the first
generation, the maximum selection response in DIF was obtained with a
preselected proportion of 40% independent of genetic correlation. Between 20%
and 60% preselection the response in DIF was close to the maximum response.
At 40% preselected proportion, the response in HW was close to its minimum. The
maximum response in HW was obtained at 90% preselection. The h? of DIF
reduced mostly linearly at a rate of 0.9% per generation when r, = 0.4 and 1%

when r; = —=0.1. The h? of HW reduced mostly linearly at a rate of 2.5% per
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generation independent of r,;. In conclusion, results show that the phenotyping
effort for DIF can be adjusted while maintaining a close-to-maximum response

in selection index and DIF.
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4.1  Introduction

Aquaculture has increasingly been contributing to the production of animal
protein (FAQO, 2021), and to maintain this increasing trend, high yielding genetic
material is required. Genetic improvement in aquaculture is widely achieved with
pedigree-based selection methods (Bentsen et al., 2017; Camara and Symonds,
2014; Chavanne et al., 2016). However, pedigree-based methods have drawbacks.
For so called difficult-to-measure traits (DIF), candidates are assigned family-
average breeding values based on phenotypes of the siblings. Because pedigree
relationships cannot capture the genetic differences between siblings (Mendelian
sampling effects), the accuracy of the EBVs can be low depending on the

heritability and the number of siblings.

Genomic selection is a relatively recent technology, in which the breeding values
are estimated either by summing the estimates of genome-wide genetic marker
effects or using relatedness of the animals estimated using marker information
in genomic best linear unbiased prediction (GBLUP) (Meuwissen et al, 2001).
Genomic selection captures the Mendelian sampling effects meaning that the
candidates within families can be ranked without their own phenotypes for DIF.
Despite the advantages, genomic selection is not widespread in fish breeding
programs mainly because of high genotyping costs (Boudry et al.,, 2021). Much
research has focused on strategies to lower these costs, including using low
density SNP panels (Kriaridou et al., 2020), SNP imputation (Bolormaa et al.,
2015), and reducing sib testing (Sonesson and Meuwissen, 2009).

Difficult-to-measure traits are included in some fish breeding programs such as
fillet yield (Vandeputte et al, 2019), fillet pigmentation (Jdegérd et al., 2014) and
fatty acid composition (Horn et al, 2020). These traits may be favorably
correlated with production traits such as harvest weight, for example fillet yield
in gilthead seabream (Gulzari et al., 2022), or unfavorably correlated, for example
resistance to Piscirickettsia salmonis in coho salmon (Ydafiez et al, 2016). In both
cases, accuracy of GEBVs for DIF increases with more animals in the reference
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population (Garcia-Ballesteros et al,, 2022); however, genotyping large reference
populations is costly and phenotyping may be laborious. Genotyping effort is
typically limited, meaning that the division of genotyped animals into reference

population and selection candidates should be optimized (Chu et al., 2018).

In this study, we investigated the optimal division of animals into selection
candidates and reference population to obtain the desired selection responses
for selection index, harvest weight (HW), and DIF under constrained genotyping
efforts. To determine this optimal division, we simulated a two-stage selection
scheme in which all candidates were genotyped, and varying proportions were
preselected on phenotypic harvest weight. Unselected candidates were
slaughtered to obtain data on DIF, which was either positively or negatively

correlated to harvest weight.

4.2 Materials & Methods

We simulated breeding programs with the Modular Breeding Program Simulator
(MoBPS) package in R software (Pook et al, 2020; R Core Team, 2020). We
simulated fish with breeding values and phenotypes for HW and a DIF. Two-stage
selection was performed. The first stage is phenotypic selection on HW. In the
second stage, the selection is on an index of DIF and HW using genomic

estimated breeding values (GEBVs).

4.21 Simulation of base populations

Initially, we simulated 100 male and 100 female diploid individuals that had 24
equal sized chromosomes with a total genome size of 15 Morgan (M) and total
physical size of 500 mega bases (Mb). This approximates the genome structure
of some commonly farmed fish species, such as gilthead seabream (Sparus
aurata), European seabass (Dicentrarchus labrax), and turbot (Psetta maxima)
(Aslam et al., 2020; Ferndndez et al., 2021; Tine et al., 2014). We simulated 1600
equidistant biallelic loci per chromosome that were in linkage equilibrium.
Genotypes for each locus had initial allele frequencies of 0.5. To create linkage

disequilibrium (LD) in relatively few generations, we simulated 500 generations
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where we randomly selected 50 male and 50 female parents to create 100 male
and 100 female offspring. Each fish was mated once and the number of offspring
per mating was not restricted. We set the mutation rate to 107 per locus across
all generations. Mutations occurred randomly and changed an allele of one of
the existing variants. At the end of 500 generations, the heterozygosity stabilized
at 0.25. The baseline simulation process was repeated 100 times. At the last
generation of those 100 replicates, on average there were 30,000 segregating
loci. The physical distance between adjacent segregating loci on each
chromosome was on average 0.017 Mb that had an LD of 015 measured as r2.
From the last generation, we randomly selected 50 male and 100 female parents
and mated them randomly in a 1:2 mating design to produce 30 offspring per
female a base population of 1,500 males and 1,500 females as the first generation
of selection candidates. Genomic selection scenarios were simulated with the

mutation rate set to zero.

4.2.2 Simulation of traits

In the base population, we simulated HW and a DIF for each candidate with
additive gene effects only. HW was controlled by 1,000 randomly selected SNPs
as quantitative trait loci (QTL), with an initial heritability (h?) of 0.3. The same QTL
also controlled DIF together with 1,000 additional QTL, with an initial h?of 0.1. The
effects of the QTL were drawn from a normal distribution with N(0, 1) separately
for two traits and then scaled to obtain the desired genetic variances and
covariance. True breeding values (TBV) of the candidates were calculated by
summing additive genetic effects of the QTLs. The genetic correlation of DIF to
HW was either positive (0.4) or negative (-0.1), and the phenotypic correlation
between the traits was 75% of the genetic correlation. We calculated the

correlation between the environmental values of the traits as PE, Ee, =

2 2
PPy, Py, ~ (|hty RE, PTBV,, TBV,)

, where p and p are the phenotypic and
(1_}1?1)(1_ h?z) Pty.Pt, TBVt,,TBVt,

genetic correlations between the traits HW and DIF. The correlations between
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genetic and environmental effects were zero. Residual variances (¢2) for the
traits were calculated as o = o — g2, where a7 is the phenotypic variance and
o is the additive genetic variance. o was set to one for each trait. We kept the
residual variances constant across generations. Genetic variances, and therefore

h? changed over time due to effects of selection and drift.

4.2.3 Selection strategies

We simulated a two-stage genomic selection program. The first stage applied
phenotypic selection on HW in which all fish were available as selection
candidates. Only the fish selected in the first stage (preselected) were available
for selection in the second (final) stage. We varied the selected proportion in the
first stage from 10% to 90% with increments of 10% and adjusted the selected
proportion in the second stage to finally select 50 males and 100 females. The
fish that were not selected in the first stage were assumed to be slaughtered to
measure DIF, thus serving as a reference population. All 3,000 candidates were
genotyped, and genomic breeding values of the preselected fish were estimated
for both traits. We computed the genomic relationship matrix GRM as G =

27!

ﬁ (VanRaden, 2008), Z is a matrix that contains marker genotypes for all
pi (1-p;)

loci, which is corrected for the allele frequency per locus and, p; is the minor allele
frequency. We estimated the breeding values and variance components using
univariate animal models. The univariate animal model is y = p+ Zu + e, where
y is a vector of phenotypes for HW or DIF, u is the trait mean, u is the vector of
random animal additive genetic effects ~(0, Ga?2), G is the genomic relationship
matrix and a2 is the additive genetic variance of the trait, and e is the vector of
random residual effects ~(0, I62), I is an identity matrix, o2 is the residual
variance of the trait. Z is a design matrix that relates observations to the additive
genetic effect of animals. The expectation of cov(u, e) is zero. We calculated the
9%

heritability of each trait as h? = — and the accuracy of GEBVs as the Pearson

o2+a?

Y.(TBV;—TBV)(GEBV;—GEBV)
VX(TBV;-TBV)2 ¥.(GEBV;—GEBV)2

correlation with the TBVs of preselected fish as r =
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From the preselected fish, we selected the 50 males and 100 females using a
selection index in which both traits had equal weights. Selected fish were
randomly mated in the 1:2 mating design while avoiding the mating of full and
half siblings to create the next generation of 1,500 male and 1,500 female
selection candidates. The number of offspring per mating was equal. We
performed selection for 10 generations. We used each of the 100 base
populations twice with different randomly assigned QTL for each trait to produce

200 replicates for every preselection scenario.

We calculated the true response to selection in genetic standard deviations for

. TBV, —TBV, . . e
each trait as R = % Ris true response to selection, TBV, ., is the mean
TBVn

true breeding value of fish in generation n + 1, TBY,, is the mean true breeding
value of fish in generation n, and argy, is the standard deviation of TBVs of fish
in generation n. We estimated the rate of inbreeding in each generation as AF, =

(Foe1 — E)/(1 — E)) using pedigree-based inbreeding coefficients.

4.2.4 Evaluation of results

For all scenarios the selection responses of index, DIF, and HW, accuracy of
GEBVs, heritabilities, and inbreeding rate were averaged in every generation
across the 200 replicates. We also averaged the heritabilities and genetic
correlations across 200 replicates to evaluate the changes. We calculated the
rate of change in heritabilities and accuracies across 200 replicates using linear

regression models where the number of generations was the predictor variable.

43 Results
431 Response to selection
We evaluated the selection results after one, five, and ten generations of

selection.

In the first generation, the maximum response in selection index was obtained

with a preselected proportion of 40% when r; = 0.4 (257 orpy,, ,,.) and 50% when

index
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17y = —0.1 (190 o7y, ,..) (Figure 41). For both levels of genetic correlations, the
responses obtained with most other preselected proportions were close to the
maximum response. The exceptions were for preselected proportion of 10% (2.32
OTBV jpger ) TOF Ty = 0.4 and, 90% (1.65 argy,,,,,) for r, = —0.1. In generations five
and ten, we see less response, but with the same pattern of the maximum
response at an intermediate selected proportion and not much reduction with

more extreme proportions.

In the first generation, the maximum selection response in DIF was obtained with
a preselected proportion of 40%. This optimal proportion was independent of the
initial genetic correlation. The level of response was higher when r, = 0.4 (11
orpvp,r) than when ry = —0.1 (04 orpy,,,) (Figure 4.2). For both levels of genetic
correlations, the responses obtained with preselected proportions between 20%
and 60% were close to the maximum response. The response in DIF decreased
considerably as the preselected proportion reduced below 20% or increased
above 60%. The preselected proportion of 90% yielded the least response of 0.8
orgvy, When 7y = 0.4 and 0.03 oy, . when 1, = —0.1. In generations five and ten,
we see the same pattern of maximum responses between preselected
proportions of 20 and 60%. However, the magnitude of the responses was lower

in later generations.

In all generations, the maximum selection response in HW was obtained with a
preselected proportion of 90% (Figure 4.3). The level of response was slightly
higher when 1, = 0.4 than when 1, = —0.1. The difference was small with a
response of 1.643 orgy,,, for r, = 0.4 and 1.636 orgy,, for r; = —0.1 in the first
generation. For all generations, the response at preselected proportions between
10 and 50% were about 10% lower than at a preselected proportion of 90%. At
40% preselected proportion, where the highest response in DIF was observed, the

response in HW was close to its minimum.
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Figure 4.1. Selection response in selection index for different preselected

proportions after 1, 5, and 10 generations of selection.

4.3.2 Genetic parameters and accuracy

The h? of DIF and HW reduced over ten generations of selection. After a larger
initial reduction in the first generation, the h? reduced mostly linearly. The
reduction was slower for DIF at a rate of 0.9% per generation when 1, = 0.4
(Figure 44) and 1% when r; = —0.1 from generation 2 to 10. For HW, the reduction

was faster with a rate of 2.5% per generation independent of r; (Figure 4.5).
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Figure 4.2. Selection response in DIF for different preselected proportions

after 1, 5, and 10 generations of selection.

Accuracy of GEBVs for DIF increased when preselected proportion decreased
(Figure 4.6). Opposite to what we see for DIF, accuracy of GEBVs for HW
decreased when preselected proportion decreased (Figure 4.7), but the
differences in accuracy between preselected proportions were small. For DIF, the

number of phenotypes increased with higher preselected proportions, but for HW
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the number of fish genotyped and phenotyped was equal for all levels of

preselection. The accuracy of GEBVs was highest in the first generation for most
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Figure 4.3. Selection response in HW for different preselected proportions

after 1, 5, and 10 generations of selection.

proportions but did not change much over time for DIF; however, reduced for
HW. Accuracies for DIF in the tenth generation were between 0.56 for 10%
preselected and 0.30 for 90% preselected when r; = 0.4. Accuracies for HW in the

tenth generation were between 0.65 for 10% preselected and 0.71 for 90%
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preselected when 7, = 0.4 with a rate of reduction of ~6.8% from generation 2 to

10 for all preselected proportions.
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Figure 4.4. Heritability of DIF from generation 1 to 10 for preselected

proportions of 0.1, 0.4, and 0.9.

4.3.3 Genetic correlation, linkage disequilibrium, inbreeding
The genetic correlation between DIF and HW changed in a negative direction,

mostly linearly with selection. Like for genetic variance and heritability, the
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biggest reduction was seen in the first generation of selection. The biggest effect
on the genetic correlation was seen with 50% preselection where the r; of 04
reduced to 0.23, and the 7; of -0.1 reduced to -0.21 after 10 generations of
selection. Linkage disequilibrium increased every generation and reached a
value of r2= 0.30 between adjacent SNPs in the tenth generation. The increase in

r2was the same for all levels of preselected proportion.
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Figure 4.5. Heritability of HW from generation 1 to 10 for preselected

proportions of 0.1, 0.4, and 0.9.
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Figure 4.6. Accuracy of GEBVs for DIF from generation 1 to 10 for different

preselected proportions whenr, = 0.4.

The rate of inbreeding (Af) was independent of the genetic correlation between
traits (Figure 4.8). Ar increased to levels around 1.5% and 2.2% in generations four

and nine, respectively, for preselection of 40%.

4.4 Discussion
For a two-stage genomic selection program with a fixed genotyping effort, we

investigated the selection response in a difficult-to-measure trait and harvest
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weight using computer simulations. A two-stage selection scheme was simulated
in which fish were first selected on phenotypic harvest weight with subsequent
slaughtering of unselected fish. The proportions of selected and unselected fish

varied between 10% and 90%. All fish, selected and slaughtered, were genotyped.
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Figure 4.7. Accuracy of GEBVs for HW from generation 1 to 10 for different

preselected proportions whenr, = 0.4.

Therefore, the number of genotyped fish was the same for each preselected

proportion and all scenarios can be compared at equal genotyping efforts.
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Figure 4.8. The rate of inbreeding for different preselected proportions

In this study the response in selection index is very similar for selected
proportions starting at 20% up to 80-90%. The proportion with maximum
response (40%) is the same for the selection index and DIF. While a breeding
program typically aims to maximize the response in the selection index it may be
desirable to move the preselected proportion away from 40% for several
reasons. Increasing the preselected proportion will reduce the number of fish that
need to be phenotyped for the difficult-to-measure trait. A difficult-to-measure
trait may require slaughter or another time-consuming process and/or may
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require expensive assays to obtain the phenotype data. This phenotyping cost
and effort is cut in half, from 1800 fish to 900 fish in our scenarios, when the
preselected proportion is increased from 40% to 70%. Decreasing the preselected
proportion on the other hand, will increase the phenotyping cost and effort but
this will yield a higher accuracy of the GEBV for DIF. Especially when the reference
population for DIF is accumulating over multiple generations a smaller selected
proportion will result in more fish being added to the reference in each generation
and this will result in higher accuracy GEBV for DIF on the selected candidates.
From Figure 41, it is clear that these choices can be made without much effect

on the response of the selection index in the current generation.

While the response in selection index was mostly the same for selected
proportions from 20% to 80-90%, the underlying response of DIF and HW were
affected more by changing the proportion that is preselected. A higher response
in DIF is offset by a lower response in harvest weight, or vice-versa, resulting in
a more or less equal response of the index. The breeding goal traits are weighed
in the selection index either to reflect their desired gains or by their economic
values that reflect the additional income generated by improvement in each of
these traits (Janssen et al,, 2017). With accurate economic values the response in
selection index should be maximized. However, often the information to calculate
the weights is incomplete or unreliable or breeders make a different choice for
their desired gains. Harvest weight is the most valuable trait when fish farms are
paid on total biomass output. However, a DIF such as fillet yield will become
valuable once farms get paid on the amount of fillet. The majority of fish
breeding programs aim to improve harvest weight (Chavanne et al, 2016),
because a high total biomass is the most desired output of farms. Total fillet
output is becoming increasingly important in farming of certain fish species, such
as Nile tilapia (Nguyen et al., 2010) and river catfish (Sang et al.,, 2009). If the most
desired output of farms is a high amount of fillet, then improving fillet yield (DIF)

will generate more value. A desired gains approach can be taken when it is
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expected that economic values will change in the future, while exact projections
are not available. In this study, we applied equal weights on HW and DIF, and the
selection response in the index was similar for all levels of preselection. With index
weights that put more emphasis on DIF, the response in the index will be more
sensitive to the accuracy of GEBVs for DIF. In that case, lowering preselected
proportion and therefore more accurate GEBV for DIF, will increase the response

of the index.

The selection scheme started with 50 full-sib families and 3,000 candidates to
reflect designs of breeding programs for some commonly farmed fish species.
The number of full-sib families simulated in this study is the same as in Ferndndez
et al. (2021) and, the number of candidates in between the 10,000 used by
Sonesson, (2005) and Sonesson et al,, (2011), and 1,500 used by Ferndndez et al,
(2021). Selection intensity and responses will increase when starting with more
selection candidates. However, we expect that the optimum preselected
proportion will still show an intermediate value. With a larger number of
genotyped fish, the differences in selection responses for HW and DIF may
reduce because accuracies become high for both traits at all the selected

proportions.

In this study, we applied mass selection on HW in the first stage and genomic
selection on HW and DIF in the second stage of selection. Both breeding goal
traits were normally distributed. The heritability of HW (0.3) is an intermediate
value of what is reported in literature for different fish species (Garcia-Celdran et
al,, 2015; Guan et al, 2016; Navarro et al., 2009). DIF represents a trait that cannot
be measured on selection candidates. Examples are feed efficiency, fillet yield,
fatty acid composition of fillet, and product quality traits with heritability
estimates ranging from 0.03 to 048 (de Verdal et al,, 2018; Horn et al,, 2022, 2018;
Navarro et al., 2009; Quinton et al., 2007). In this study, we chose an intermediate
value of 010 for the heritability of DIF. The genetic correlation between the
examples of DIF and HW varies strongly. A positive genetic correlation of 0.74
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was reported between HW and fillet yield (Rutten et al., 2005). A positive genetic
correlation of 0.68 was reported between HW and survival (Hamzah et al., 2017),
and a negative genetic correlation of -0.50 was reported for HW and £ sa/monis
resistance (Ydfez et al, 2016). Lower positive genetic correlations were reported
with protein retention (0.20) (Kause et al., 2016) and muscle fat (0.13) (Horn et al,,
2022), and a negative genetic correlation with cardiosomatic index (-0.11) (Gulzari
et al, 2022). We chose a moderate positive (04) and a low negative (-0.1) values

to study correlations that are small to moderate and with opposite signs.

In our study, we updated the marker effects using the data of the latest
generation exclusively. Using data from earlier generations to increase the
reference population size may increase the accuracy of the GEBVs (Sonesson
and Meuwissen, 2009); however, will not revoke the genotyping constraints. If
data from earlier generations are included in the analyses, a certain accuracy of
GEBVs may be achieved with fewer slaughtered fish in the current generation. In
such scenarios, more genotyping budget could be allocated to selection
candidates, which will yield a higher selection intensity. However, the value of
data from earlier generations may diminish with selection (Nielsen et al, 2009;

Sonesson and Meuwissen, 2009).

After a drop in the first generations due to Bulmer effect, h? reduced mostly
linearly for both traits with a steeper decline for HW compared to DIF. Because
all candidates had data on HW, the selection pressure on HW depended mostly
on the preselected proportion. A higher preselected proportion meant more
accurate selection on HW since more candidates pass to the second stage where
selection was on GEBVs. More accurate selection on HW causes a bigger
reduction in h?due to stronger loss of genetic variation. For DIF, the selection
differential was bigger with a positive genetic correlation than with a negative
genetic correlation and this results in a bigger reduction in genetic variance and
h2. The accuracy of GEBVs depends on h? of the traits and effective population
size (Ne) (Daetwyler et al., 2010). For both traits, the h?reduced over time but the
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accuracy of GEBVs was mostly constant with some random fluctuations. In our
simulation, the reduction in h?is offset by the reduction in Ne, which is seen from
the r? between adjacent SNPs that increases from 015 to 0.30 after 10

generations of selection.

With the proposed two-stage selection scheme, the rate of inbreeding increased
considerably above 1% after a few generations. We did not apply any measures
to limit the rate of inbreeding such as reducing the number of candidates
selected from a single family or applying optimum contribution selection
(Sonesson and Meuwissen, 2000). In actual breeding programs, there should be
a constraint on the inbreeding rate. If a constraint is applied, the loss of genetic
variance and reduction of heritabilities will be slower and other parameters such
as the accuracy of GEBVs and rate of genetic gain will be affected. We do not
expect that a constraint on inbreeding will affect the optimum preselected
proportions because this optimum did not change from generation 1 to 10 while
inbreeding rate was increasing and levels of genetic variance and heritability

were reducing.

We assume preselection on HW and including this same trait in the selection
index. Preselection at an early age is also possible and this might have a practical
implication with, for instance, disease challenge tests, which are typically applied
at an early age. If the time gap between the two stages of selection increases,
the efficiency of the first stage selection might diminish because the genetic
correlation of the early body weight with the index trait HW is reduced. A big
advantage of early preselection is that only the preselected fish must be raised

to harvest weight.

4.5 Conclusions

In our simulations of two-stage selection, the optimum prelected proportion was
40% to yield the highest selection response in both the selection index and the
difficult-to-measure trait. The response in selection index was very similar for a

wide range of preselected proportions. This means that the phenotyping effort
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for DIF might be reduced to save costs, or increased to quickly build a larger
reference population, without a significant loss in the selection response for index.
Subsequent generations of selection and increasing levels of inbreeding did not
affect the optimum preselected proportions. Therefore, the phenotyping effort
for DIF can be adjusted while maintaining a close-to-maximum response in

selection index and DIF.
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Abstract

Gilthead seabream is a key fish species for farming in the Mediterranean region
and is farmed in a large geographical area under various production
circumstances. However, more than 80% of the genetically improved fingerlings
originate from a single country, Greece, which poses a potential risk for genotype
by environment interaction (GxE). Therefore, the objective of this study was to
quantify GxE for several traits of gilthead seabream in two distinct commercial
production sites, one in south of Greece (Galaxidi Marine Farm) and another in
southeast of Spain (Cudomar). For this GXE experiment, a population of juveniles
was produced by mass spawning of 33 males and 20 females on a single day.
These juveniles were stocked in sea cages in both locations when they reached
stocking size (~3 g) and grown under commercial conditions. Management
conditions during the grow-out period were kept the same between the
production sites, while the fish were subject to naturally occurring differences
such as water temperature, dissolved oxygen, and salinity. Phenotypes were
recorded when the fish reached commercial harvest size (~400 g). Genetic
parameters were estimated by using a genomic relationship matrix that was built
by using ~30k SNP. All traits studied had higher genetic variation and heritabilities
in Cudomar. For instance, the heritability of harvest weight was 0.37 = 0.05 in
Galaxidi and 0.55 £ 0.05 in Cudomar. GXE was estimated as genetic correlations
between the same trait measured on different fish in the two environments.
Moderate GxE was found for harvest weight (045 + 0.11), growth (043 = 0.11), fillet
weight (049 £ 0.12), liver weight (0.61 = 0.11), and viscera weight (0.62 + 0.10). Weak
GxE was found for fillet fat (0.87 + 0.06), heart weight (0.76 £ 0.11), cardiosomatic
index (0.93 = 0.14), viscerosomatic index (0.90 £ 0.05), and hepatosomatic index
(0.79 £ 0.09). In conclusion, moderate GxE estimates for growth traits indicate
that with a single breeding program, performance data from both environments
should be included, or that two separate breeding programs may be needed for

the two environments. The higher genetic variances observed in Cudomar
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suggest that this environment is a more suitable test environment for selective

breeding.
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5.1 Introduction

Animal breeding strives to create populations that will perform well under
commercial production circumstances. The performance of genotypes changes
in response to varying environmental conditions. Genotype by environment
interaction (GxE) occurs when different genotypes respond differently to
variation in environmental conditions (Falconer and Mackay, 1996). If GxE leads
to reranking of genotypes, the genetically improved animals that perform well in
one environment may not perform as expected in another, which implies that the
information collected in one environment is of limited value to another
environment.

A significant GxE interaction between sites will reduce the effectiveness of a
breeding program. The actual production performance of the genetically
improved stock will differ from the expected performance based on data from
the selection environment. Significant GxE was reported in various production
systems, for example, in Penaeus monodon culture between indoor recirculating
aquaculture systems and outdoor ponds (Sang et al, 2020), in rainbow trout
(Oncorhynchus mykiss) culture between fresh and brackish water environments
(Sae-Lim et al, 2013), and in Nile tilapia (Oreochromis niloticus) culture between
cage and pond environments (Khaw et al, 2012). Significant GxE was also
reported in response to differences in environmental conditions in the same
production systems, such as, dissolved oxygen levels (Mengistu et al,, 2020q),
different nutrition conditions (Romana-Eguia and Doyle, 1992), and salinity levels
(Domingos et al., 2021). The issue of GXE attracts more attention when breeding
companies start to distribute genetically improved stock internationally (Mulder
and Bijma, 2005), in which case the genetically improved animals are expected
to perform well in different locations with different production conditions. In
aquaculture, one of the species whose genetically improved fingerlings are
distributed internationally is gilthead seabream (Sparus aurata).

Gilthead seabream is a key fish species for farming in the Mediterranean region.

The total production of gilthead seabream increased by 90% between 2009 -
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2019 to approximately 260000 tons, making it the second most produced fish
species in 2019 in the Mediterranean region (FAO, 2021). In 2019, gilthead
seabream was farmed in 23 countries and the leading producers were Turkey,
Greece, and Egypt (FAO, 2021). Gilthead seabream is farmed both semi-
extensively in ponds and intensively in sea cages or indoor tanks (Elalfy et al.,
2021; Lee-Montero et al., 2015). The production of gilthead seabream is spread
over large distances from around the Canary Islands in the North Atlantic Ocean
(Urbieta and Ginés, 2000) to the shores of the Red Sea in the Arabian Peninsula
(FAQ, 2017). Although gilthead seabream is farmed in a large geographical area
and under various production circumstances, more than 80% of the genetically
improved fingerlings originate from a single country, Greece (Janssen et al.,

2015), which poses a potential risk for GxE interaction.

If the magnitude of GxE between different production sites is quantified, breeding
programs may adjust their selection criteria to reach a balanced performance in
many locations rather than a high performance in a single location (Sae-Lim,
2013). However, studies that quantify GxE for commercially important traits in
gilthead seabream are limited (Elalfy et al, 2021; Lee-Montero et al, 2015;
Navarro et al, 20090, 2009b). The objective of this study was to quantify GxE for
production traits and organ weights of gilthead seabream in two distinct
commercial production sites, one in south of Greece and the other in southeast
of Spain. The production sites were monitored for changes in water temperature,
dissolved oxygen, and salinity. The traits analyzed were harvest weight, growth,
fillet weight, fillet percentage, fillet fat percentage, viscera weight, viscerosomatic
index, heart weight, cardiosomatic index, liver weight, and hepatosomatic index.
5.2 Materials & Methods

5.21 Production sites, production of experimental fish, and grow-out

management
Two distinct commercial production sites of gilthead seabream were selected to

perform this GxE experiment. One production site is located in south of Greece in
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The Gulf of Corinth (Galaxidi Marine Farm S.A., Galaxidi, Greece) (GPS location:
38°21'06.6"N 22°23"8.8"E) and the other production site is located in southeast of
Spain at open sea 3.1 km from shore near El Campello, Alicante (Cudomar SL, El
Campello, Alicante, Spain) (GPS location: 38°2512"N 0°20'51"W). For this GxE
experiment, a population of juveniles was produced by mass spawning of 33
males and 20 females on a single day at Galaxidi Marine Farm. Juvenile fish were
raised as a single group to avoid introduction of common environmental effects.
When fish reached an average weight of 3 grams, one batch of 99000 juveniles
was stocked in a sea cage at Galaxidi at a density of 013 kg/m? and another
batch of 84605 juveniles was stocked in a sea cage at Cudomar at a density of
042 kg/m?. The fish in both locations were fed with the same commercial diet
after reaching an average weight of 100 grams. The feed was provided once a
day. The amount of feed given per kilogram of biomass was recorded
throughout the grow-out period (Table 51).

Table 5.1. Feed given daily (g) per kg of biomass for different size classes.

Feed given (g) per kg of biomass

Average weight of the fish (g)

Galaxidi Cudomar
<100 256 29.7
100 - 200 8.9 6.8
200 - 300 101 121
300 - 400 122 10.9

The management conditions during the grow-out period were kept as consistent
and similar as possible between the production sites by having meetings
between the production managers of the two sites and the researchers before
the start of the project. Consensus decisions were made on stocking density
based on the availability of sea cages at the time of stocking and on feeding
rates based on the effects of water temperature on feeding level throughout the
experiment. The environmental conditions of water temperature, dissolved

oxygen, and salinity were measured regularly at both locations (Table 5.2). The

103



dissolved oxygen was measured inside the sea cages in Galaxidi and outside of
the sea cages in Cudomar.
Table 5.2. Average environmental and management conditions in Galaxidi

and Cudomar.

Variable Galaxidi Cudomar
Overall water temperature (°C)# 20.5 214
Summer water temperature (°C)* 251 261
Autumn water temperature (°C)* 20.0 217
Winter water temperature (°C)4 143 15.2
Spring water temperature (°C)* 16.5 17.7

Total degree days from stocking until harvest (°C) 3830 4630
Dissolved oxygen (mg/L)* 5.58* 8.19*
Salinity (%o) 39.08 373

A Average daily values, BBased on historic steady values
* Dissolved oxygen measurements were made inside of the sea cages in Galaxidi,

outside of the sea cages in Cudomar.

The minimum temperature required for gilthead seabream to grow is 12 °C
(Herndndez et al, 2003). Therefore, the effective daily temperatures were
calculated by subtracting 12 °C from observed daily temperatures. The
cumulative degree days during the grow-out period were calculated by summing

all the effective daily temperatures (Figure 5.1).

5.2.2 Phenotypic data collection

Data on production traits and organ weights were collected from the
commercially produced fish that were harvested after a grow-out period of 465
days in Galaxidi and 500 days in Cudomar. Both locations comply with local
regulations to produce and harvest seabream in their facilities. In total, 998 fish
in Galaxidi and 945 fish in Cudomar were sampled for data collection. The data
were collected over 7 days in Galaxidi (daily 100 - 170 fish) and 5 days in Cudomar
(daily 150 - 200 fish). A random sample of fish was harvested every morning

from the same cage into an oxygenated tank. Before processing, a small batch
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of fish received a mortal dose of clove oil (0.03 mL/L). This process was repeated
until all the harvested fish were measured for all the traits.

After the fish was killed, body weight was measured with a scale sensitive to 0.5
grams. Fillet fat measurements were taken on whole fish from eight points (four
on each side of the fish) by using Distell Fish Fat meter equipment (Distell Inc.,
West Lothian, Scotland). The fillet fat percentage for each fish was calculated by
taking the average of eight measurements on the same fish. The fish were then
gutted, and viscera weight was recorded with a scale sensitive to 0.5 grams.
Viscera included all the internal organs and abdominal fat. Liver and heart were
subsequently separated from the viscera and weighed by a scale sensitive to
0.001 grams. The gutted fish were then filleted, and fillet weight (one side) was
recorded. The recorded fillet weight was multiplied by two to calculate the total
fillet weight. Measurements were standardized between the two sites, except fillet
weight which was skin-off, trimmed in Galaxidi and skin-on, not-trimmed in
Cudomar. Measurements taken in a single day were performed by the same
person for each trait.

Editing of the data was performed by using R software and the “tidyverse”
package collection in R (R Core Team, 2020; Wickham et al, 2019). Fillet
percentage was calculated as  (fillet weight/body weight) x 100. The
viscerosomatic index was calculated as (viscera weight /body weight) x 100, the
cardiosomatic index was calculated as (heart weight/body weight) x 100, and
the hepatosomatic index was calculated as (liver weight/body weight) x 100.
Thermal growth coefficient (TGC) is a standardized growth rate that accounts
for initial body weight and the sum of daily effective temperatures until harvest.

Thermal growth coefficient was calculated as TGC =
2 2
[(Wt /s _ W, /3)/(T x t)] x 1000, where W, is harvest weight, W, is stocking weight,

T is the average effective temperature in °C, t is the number of days during grow-
out period (Mayer et al, 2012). Stocking weight was on average 2.73 grams in

Galaxidi and 3 grams in Cudomar. Because stocking weight was not individually
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measured, it was set to 2.73 grams and 3 grams for every fish in Galaxidi and

Cudomar, respectively.

5.2.3 DNA extraction and genomic relationship matrix

DNA was isolated from fin clips by IdentiGEN (Dublin, Ireland). The genotyping
was performed by using the ~30k “MedFish” SNP array (Pefialoza et al., 2020).
After removing 18 duplicate and 24 missing samples, 963 and 939 fish were
available for genetic analyses from Galaxidi and Cudomar, respectively.
Genotypic data was filtered by excluding SNPs that had missing call rates
exceeding 10%, that were fixed, or had Hardy-Weinberg equilibrium exact test p-
value below 1e-10. We computed a genomic relationship matrix (GRM) based on
the remaining 28164 SNPs by using calc_grm software (Calus and Vandenplas,

2019). The calculation of the GRM was based on the “vanraden” option

(VanRaden, 2008), in which the GRM is computed as ¢ = ﬁ . To use this
piPi \L—Pi

option, marker genotypes were coded as “07, “17, or “2”. Z is a matrix that contains
marker genotypes for all loci, which is corrected for the allele frequency per locus.
p; is the frequency of the less frequent allele and was calculated by using all the
fish in both locations. In total, 18 animals were genotyped in duplicate. The GRM
was recomputed after removing these animals from the dataset. The inverse of
the GRM matrix was obtained directly from calc_grm by using “giv” function.
Genotypes of the parents were not available, which prevented the reconstruction
of family relationships from parentage analysis.

5.2.4 Estimation of heritabilities and correlations

The magnitude of the GXE was estimated for each trait as the genetic correlation
(ry) of the same trait measured on different animals in the two environments by
using a bivariate animal model in ASReml version 4.1 (Gilmour et al., 2015). In the
bivariate models, the same traits measured on different fish in the two locations
were treated as different traits. Heritabilities of the trait in both environments

were estimated by using the same bivariate animal model.
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The bivariate animal modelisy = Xp + Zu + e, where y is a vector of phenotypes
for the same trait in two environments, B is the vector of fixed effect “sampling
day”, u is the vector of random animal additive genetic effects

2
0 Ga.TG Ta,T(;,C oa,TG Ua,TC
~|lc}6

2
ra.TG,c 0a10a,T¢ OaTc

), where G is the genomic relationship

matrix and oj_TG is the additive genetic variance of trait measured in Galaxidi,
oZr. Is the additive genetic variance of trait measured in Cudomar, 1,7, . is the

additive genetic correlation between the same trait measured in Galaxidi and

Cudomar and e is the wvector of random residual effects

ol 0
~ ([g]l [ e(‘)TG 5 D, where [ is an identity matrix, 2y, is the residual variance
O—E,Tc '

of trait measured in Galaxidi, and o7, is the residual variance of trait measured
in Cudomar. The residual covariance between the two environments was set to
zero because no individual was measured both in Galaxidi and Cudomar. X and
Z are design matrices, that relate observations to the fixed effect and additive
genetic effect of animals, respectively. The fixed effect “sampling day” was a
categorical variable with one category for each measurement day (7 days in
Galaxidi and 5 days in Cudomar). Gilthead seabream is a protandrous fish
(Loukovitis et al., 2011) and all individuals were males during harvest. Therefore,

“sex” was not included as a fixed effect in this study. The expectation of cov(u, e)

o

o2+0?

is zero. Heritability (h?) of each trait was calculated as h? = . After fitting

the bivariate animal models for each trait by using all 963 and 939 phenotypic
records in Galaxidi and Cudomar, residuals that were more than 3.5 standard
deviations in magnitude were identified and the corresponding phenotypic
records were removed. Table 3 shows the number of fish used in the analysis of
each trait.

Genetic and phenotypic correlations among the traits within the same
environment were also estimated by using bivariate animal models. In this case,

u is the vector of random animal aodditive genetic effects
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variance of trait 1, sz,Tz is the additive genetic variance of trait 2, r,r,, is the

additive genetic correlation between trait 1 and 2. Also, e is the vector of random
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>, where I is an identity

matrix, a2z, is the residual variance of trait 1, and oZy, is the residual variance of

trait 2, and, 7, 1, , is the residual correlation between trait 1 and trait 2.

5.3 Results

5.3.1 Descriptive statistics

Descriptive statistics of body weight at harvest, thermal growth coefficient, fillet
weight, fillet percentage, fillet fat percentage, viscera weight, viscerosomatic
index, liver weight, hepatosomatic index, heart weight, and cardiosomatic index
were calculated (Table 5.3).

Table 5.3. The number of fish (N) used for analyses and, means and

coefficients of variation (CV) of all traits in the two production environments.

Galaxidi Cudomar
Trait

N Mean* cv N Mean* cv
Harvest weight (g) 957 3721 17.0 938 4122 17.0
TGC (g3 x °C" x 1000) 955 12.8 1.9 936 14 1.9
Fillet weight (g) 960 116.6 19.6 933 179.8 19.8
Fillet percentage (%) 946 314 81 929 43.6 71
Fillet fat (%) 950 127 181 932 128 21.6
Viscera weight (g) 963 27.2 27.0 935 293 231
Viscerosomatic index (%) 961 73 16.8 934 7. 139
Liver weight (g) 947 39 291 930 6.8 314
Hepatosomatic index (%) 945 1.0 21.2 933 1.6 234
Heart weight (g) 963 0.38 25.6 933 048 214
Cardiosomatic index (%) 954 010 21.6 927 012 134

*All trait means were significantly different between sites (p < .001) except for

fillet fat (%).
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The harvested fish in Cudomar were on average 40.1 grams heavier than in
Galaxidi; however, the coefficients of variation were virtually the same. TGC was
higher in Galaxidi. The average fillet weight of harvested fish in Cudomar was on
average 63.2 grams higher than in Galaxidi; however, this is mainly because the
fillet was skin-on and not trimmed in Cudomar, while it was skin-off and trimmed
in Galaxidi. The coefficients of variation of fillet weight were very similar. The
viscera weights of harvested fish in the two environments were very similar
despite the difference of 40.1 grams in harvest weights. The liver of harvested
fish in Cudomar was on average more than 70% heavier than in Galaxidi, which
was also reflected in the large difference in hepatosomatic indices. Liver and
heart weights, and corresponding indices had high coefficients of variation in
both environments. The mean fillet fat percentages of harvested fish in the two
environments were almost identical; however, the coefficient of variation was

somewhat higher in Cudomar.

5.3.2 Genetic parameters

The only fixed effect in our dataset, “sampling day”, was significant in the analysis
of all traits (p < .05) except for harvest and viscera weight in Galaxidi. The
estimates of genetic variance, environmental variance, and heritability were
obtained from bivariate models for each trait (Table 54).

The heritability estimates were higher for all traits in Cudomar than in Galaxidi,
although the differences were significant only for fillet weight and hepatosomatic
index (p < .05). The heritability estimates of harvest weight were moderate to
high. The heritability estimates of TGC were almost identical to the heritability
estimates of harvest weight. Heritability estimates of fillet percentage were low
in both environments. In comparison, the heritabilities of viscerosomatic,
hepatosomatic, and cardiosomatic indices were higher than fillet percentage in
both environments, with higher values in Cudomar. The heritability estimates for
liver and heart weight were moderate to high in both environments. The
heritability for cardiosomatic index was lower than the one for heart weight, but

the difference was not as big as between fillet weight and fillet percentage.
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Table 5.4. Genetic variance (Va), environmental variance (Ve), and heritability

of the traits in the two production environments.

Galaxidi Cudomar
Trait

Va \'3 h2(se) Va Ve h2(se)
Harvest weight 1474 2553 0.37(0.05) 2863 2361 0.55 (0.05)
TGC 0.87 149 0.37 (0.05) 1.09 0.87 0.56 (0.05)
Fillet weight 3460 827 0.30 (0.05) 156.32 15610 0.50 (0.05)
Fillet percentage 009 121 0.07 (0.04) 0.21 149 013 (0.04)
Fillet fat (%) 224 264 046 (0.05) 3.54 294 055 (0.05)
Viscera weight 2184 3312 040 (0.05) 2316 2624 047 (0.05)
Vs 0.66 0.85 044 (0.05) 0.50 048 0.51(0.05)
Liver weight 043 084  0.34(0.05) 2.05 248 045 (0.05)
HSI 0.013 0.032 0.29(0.05) 0.066 0.070 048 (0.05)
Heart weight 0.002 0.007 0.23(0.05) 0.004 0.006 0.39 (0.05)
csl 0.69 3.56 0.16 (0.04) 048 2.02 0.19 (0.05)

VSI = Viscerosomatic index, HSI = Hepatosomatix index, CSI = Cardiosomatic index
5.3.3 Genetic and phenotypic correlations

The genetic and phenotypic correlations between traits were estimated with fish
grown in Galaxidi (Table 5.5) and in Cudomar (Table 5.6). The genetic correlation
between harvest weight and TGC was close to unity in both environments,
indicating these two traits are genetically same. The genetic correlation between
harvest weight and fillet weight was also very close to unity, which means
selecting for increased harvest weight will result in correlated favorable response
in fillet weight. However, the genetic correlation between harvest weight and fillet
percentage was negative in Galaxidi (although the correlation was weak and not
significantly different from zero) and positive in Cudomar (with a large standard
error). This indicates that selecting for increased harvest weight in Galaxidi will
not result in correlated favorable response in fillet percentage; however, some
correlated response is expected in Cudomar. Harvest weight was strongly and
positively correlated with viscera and organ weights, which means that selecting
for increased harvest weight will result in correlated response for increased

organ weights; however, the genetic correlations between harvest weight and
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organ indices were not significantly different than zero, indicating that selecting
for increased harvest weight will not result in correlated response for the

increased proportion of organs to body weight.

Fillet fat percentage was positively correlated to viscera weight and
viscerosomatic index, indicating that selecting for heavier viscera will result in
correlated response for increased fillet fat. Fillet fat percentage was also
positively correlated to liver weight and hepatosomatic index, which means that
selecting for increased liver weight will result in correlated response for increased

fillet fat.

5.3.4 Genotype by environment interaction between the production
environments
Genotype by environment interactions were estimated as genetic correlations

between the same traits in two production environments (Table 5.7).

Table 5.7. Genetic correlations between the production environments of

Galaxidi and Cudomar for all traits.

Trait Genetic correlation (se)
Harvest weight 045 (011)
TGC 043 (011)
Fillet weight 049 (012)
Fillet percentage 0.51(0.30)
Fillet fat (%) 0.87 (0.06)
Viscera weight 0.62 (0.10)
Viscerosomatic index 0.90 (0.05)
Liver weight 0.61(011)
Hepatosomatic index 0.79 (0.09)
Heart weight 0.76 (011)
Cardiosomatic index 0.93 (014)

TGC had the lowest genetic correlation between the two production
environments, and therefore the strongest genotype by environment interaction.
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Harvest weight and TGC had very similar levels of genotype by environment
interaction. The GxE interaction for fillet weight, liver weight, and viscera weight
was moderate. On the other hand, the GxE interaction for fillet fat percentage,

heart weight, cardiosomatic index, and viscerasomatic index was weak.

5.4 Discussion

The objective of this study was to quantify genotype by environment interaction
for production traits and organ weights of gilthead seabream in two distinct
production sites in the Mediterranean, one site in The Gulf of Corinth, Greece
(Galaxidi Marine Farm) and the other site in open sea near El Campello, Spain
(Cudomar). Estimates for heritabilities were higher in Cudomar. TGC, harvest
weight and fillet percentage showed the strongest genotype by environment
interaction, which are traits of economic importance and commonly included in
fish breeding programs (Chavanne et al, 2016; Janssen et al,, 2017). Fillet fat

percentage, on the other hand, had weak genotype by environment interaction.

5.4.1 Experimental design

The two commercial production locations were specifically chosen to analyze the
effect of distinct temperature profiles on genotype by environment interaction
with respect to production traits and organ weights. The historical sea surface
temperature data indicate that the sea surface water in south of Greece is
warmer than in southeast of Spain, which makes Greece the more favorable
environment for growth (Besson et al, 2016; Llorente and Luna, 2013). Water
temperatures recorded during this experiment however, revealed a different
pattern (Figure 5.1), which was mainly due to the specific location of Galaxidi,
which is in The Gulf of Corinth. In this experiment, Cudomar was characterized by
consistently higher daily average water temperatures during the first summer,
which led to increasing differences in cumulative degree days in favor of

Cudomar until the beginning of winter. Winter only fortified the divergence of
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Figure 5.1. Cumulative degree days (°C) in Galaxidi (——) and Cudomar (- - - -)

from stocking to harvest.

cumulative degree days until the beginning of second summer, which did not
cause further divergence in cumulative degree days. The 35 days gap in
harvesting dates was also an influential factor on the final difference on
cumulative degree days. Water temperature has a direct effect on the
performance of fish. Fish that are subjected to higher temperatures grow faster
(Green and Fisher, 2004); however, temperatures above certain limits inhibit the
growth (Azaza et al, 2008). The water temperature in the Mediterranean has
been increasing consistently over the last decades (Pastor et al., 2018). The
temperature has increased at different levels in different parts of the
Mediterranean. Therefore, increasing water temperature is likely to become a

major factor contributing to genotype by environment interaction in fish farming
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in the future as temperature has a direct effect on physiological performance. In
addition to water temperature, the two locations differed in the levels of dissolved
oxygen and salinity (Table 5.1), which may also have contributed to genotype by
environment interactions. Lower salinity was concluded to result in improved
growth in various marine fish species including gilthead seabream (McKay and
Gjerde, 1985; Morgan and lwama, 1991; Tandler et al.,, 1995; Ytrestayl et al., 2020).
The underlying reason for this may be that higher salinity demands higher
metabolic costs to maintain the osmotic pressure of the body fluids within
acceptable ranges, therefore any saved energy due to lower salinity can be
spent for growth (Morgan and Iwama, 1991; Tandler et al., 1995). Feed efficiency
was detected to improve in lower salinity, which reflects that more of the feed is
used for growth rather than for other metabolic processes (Imsland et al., 20071;
Ytrestayl et al., 2020). Higher dissolved oxygen concentrations were reported to
improve growth and feed efficiency (Duan et al, 2011; Mengistu et al., 2020q,
2020b). Under hypoxia, the blood flow through the intestines is restricted
(Axelsson and Fritsche, 1991), which can negatively affect nutrient absorption and
feed utilization. Taking these observations together, Cudomar appeared to be
the more favorable environment for fish growth, which could explain why the
estimates of genetic variation (Table 54) were higher in Cudomar compared to

Galaxidi.

In this study, genotype by environment interaction was quantified as the genetic
correlation between the same trait measured in the two production
environments. The experimental fish were grown in commercial sea cages to
commercial harvest size, and they were subject to natural environmental
conditions. In this study, no systematic manipulation of environmental conditions
was applied, and the same commercial feed was given in both sites from an

average weight of 100 grams until the time of harvest.

The fish that were stocked in sea cages in Galaxidi and Cudomar resulted from
a single mass spawning event. In mass spawning, it is not possible to control the
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mating and the contribution of the parents may be skewed (Loughnan et al.,
2013). While mass spawning leads to unequal contribution of parents, which is a
disadvantage for genetic parameter estimation, it also avoids introduction of
common environmental effects that could obscure genetic differences between
families. Unequal family sizes may create a slight bias on the estimations of
genotype by environment interaction when the analyses are performed using
the pedigree relationships (Sae-Lim et al,, 2010); however, the genetic analyses
were performed using genomic relationships in this study. The use of genomic
relationships increases the accuracy of parameter estimates as compared to the

use pedigree relationships (Veerkamp et al., 2011).

5.4.2 Heritability of the traits

In this study, the genetic variances of all the traits were higher in Cudomar, which
also resulted in higher heritability estimates. One of the possible consequences
of genotype by environment interaction is heterogenous genetic variances
across environments (Calus, 2006). The heterogenous genetic variances
between the two environments (Table 54) lead to scaling effects. It appears that
the environmental conditions (both measured and unmeasured) in Cudomar
were more favorable than in Galaxidi, which led to higher genetic variances. This
may imply that when breeding for these two environments, keeping the selection
candidates at Cudomar may increase the selection response due to the higher
genetic variances observed in Cudomar. Higher heritabilities would also lead to

higher accuracies of EBVs.

Harvest weight was moderately heritable in Galaxidi and highly heritable in
Cudomar. The heritability of harvest weight in Galaxidi (0.37 + 0.05) is very similar
to the value reported for gilthead seabream (0.34 = 0.06) by Navarro et al,
(2009), although their estimation comes from a population that consisted of a
combination of tank-farmed and cage-farmed fish. The value reported by
Fernandes et al., (2017) (041 £ 0.03) for harvest weight of tank-farmed gilthead
seabream is in between the values estimated for Galaxidi (0.37 + 0.05) and
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Cudomar (0.55 = 0.05). The genetic correlation between harvest weight and TGC
was almost one, which indicates that these traits are controlled by the same set
of genes. The heritability estimates of harvest weight and TGC were almost
equal. These may be related to how the TGC was calculated. TGC depends on
harvest weight, stocking weight, water temperature, and duration of the grow-
out period. In this study, individual stocking weights were not available, and an
average was used for all fish in the same location. The stocking weights, however,
did not affect TGC to a high degree because they were very small, less than one
percent of the harvest weights. Therefore, the variation in TGC was dominated

by the variation in harvest weight.

Fillet percentage was lowly heritable in both production environments (0.07 + 0.04
in Galaxidi and 013 + 0.04 in Cudomar), similar to the value reported by Navarro
et al, (20090) (012 + 0.03) for a population that consisted of a combination of
tank-farmed and cage-farmed fish and slightly lower than the estimate reported
by Vandeputte et al., (2020) (0.22 + 0.05) for cage-farmed gilthead seabream.
The heritability estimates of fillet percentage are typically found to be lower than
the heritability of fillet weight (Navarro et al, 2009q; Thodesen et al, 2012;
Vandeputte et al., 2017), which is also the case in this study. The differences in
heritability estimates for fillet percentage may partly be caused by different
filleting methods (skin-off, trimmed in Galaxidi and skin-on, not trimmed in
Cudomar) used in the two production environments (Kocour et al, 2007,
Thodesen et al., 2012). The genetic coefficient of variations for fillet percentage
were very small, which indicates that the prospect of genetic improvement of this
trait by direct selection is not good. Fillet percentage may be improved to some
extent by selecting on harvest weight based on the positive genetic correlation

between harvest weight and fillet percentage in Cudomar.

Fillet fat percentage was highly heritable in both production environments (0.46

+ 0.05 in Galaxidi and 0.55 + 0.05 in Cudomar). The heritability of fillet fat

estimated in this study is larger than the value reported by Elalfy et al. (2021)
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(0.27 = 0.08), who also measured fillet fat of gilthead seabream with Distell
equipment. The heritability of fillet fat estimated in this study is also larger than
the values reported for striped catfish (0.04 + 0.03) (Sang et al, 2012), for
European whitefish (0.26 + 0.09) (Kause et al., 2011) and for Atlantic salmon (0.28
+ 0.05) (Powell et al.,, 2008); however, lower than the value reported for common
carp (0.68 = 0.10) (Prchal et al,, 2018). High genetic coefficients of variation were
found for fillet fat, which indicate that this trait would respond well to genetic
selection. Fillet fat content may be regarded as a quality trait of the farmed fish
from the perspective of consumers (Sang et al, 2009). Consumers in certain
markets may prefer to purchase fish with a higher fillet fat content. Even though
gilthead seabream farmers are not paid on the basis of quality characteristics of
the meat, farmers may wish to advertise their product as having higher quality
due to increased fillet fat to allure a certain market and distinguish themselves in
the market. On the other hand, fillet fat is positively (unfavorably) correlated to
viscera weight. Viscera is a storage for fat in the body. Fat content of the body is
expected to be unfavorably correlated to feed conversion ratio and therefore,
selecting for increased fillet fat may create fish that are less efficient converters
of feed (Kause et al., 2016; Quinton et al., 2007). Therefore, rather than extreme

values, an optimum is required for fillet fat percentage.

Heart and liver weights, and indices were moderately heritable in both
production environments, although the estimations were higher in Cudomar. In
both environments, the genetic correlation between heart and harvest weights
was high but not unity. Therefore, selection for growth could result in fish with
slightly lower cardiosomatic indices. A lower cardiosomatic index may be
associated with reduced cardiac capacity and consequently, reduced robustness
of the fish (Vassgérd, 2017). Growth rate of the fish has been reported to affect
the prevalence of cardiac diseases (Farrell, 2002), which may be caused by the
increased pressure on the heart to supply more blood to the fast-growing body.

In broiler chickens, cardiac diseases, specifically ascites, was observed to have
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higher prevalence in faster-growing animals (Closter et al., 2009). The increase
of ascites in broilers is related to genetic selection for higher performance (Julian,
1993). Therefore, heart weight is an important trait to monitor for unwanted
correlated responses that could affect health and robustness. Heart weight is a
difficult-to-measure trait because measuring it requires sacrificing the fish.
However, genomic selection makes it easier to implement such traits in a
breeding program because after phenotyping and genotyping a reference
population, the selection candidates do not have to be phenotyped and can still
receive accurate breeding values. Hepatosomatic index has been reported to
increase in response to differences in lighting regime (Dgskeland et al., 2016) and
use of additives in feed in Atlantic salmon (Sa/mo safar) (Larsson et al,, 2014),
exposure to insecticides in Nile tilapia (Oreochromis niloticus) (Thomaz et al.,
2009), and exposure to toxins in redbreast sunfish (Lepomis auritus) (Everaarts
et al, 1993). Enlargement of the liver may be positively correlated by its capacity
to transform xenobiotics and cleanse the body (Porter and Janz, 2003).
Therefore, hepatosomatic index can be regarded as a general health indicator
of fish (Thomaz et al., 2009). Suboptimal environmental conditions during grow-
out may cause the hepatosomatic indices to increase because the growth of the
body is more susceptible to environmental conditions than the growth of the
organs (Daskeland et al., 2016). However, the effect of individual environmental
factors, such as water temperature and salinity, on hepatosomatic index is

unknown.

5.43 Genotype by environment interaction and implications for breeding
programs

Genotype by environment interaction may manifest itself as scaling or reranking

of genotypes. In case of reranking of genotypes, good performing genotypes in

one location may not perform as expected in another location. It was suggested

that the reranking of genotypes due to genotype by environment interaction is

practically important only if the genetic correlation of the same trait in different
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environments is below 0.8 (Robertson, 1959). In this experiment, environmental
effects that can be controlled, such as feeding and stocking density, were kept
as consistent as possible between the two production sites and fish were subject
to natural water conditions that cannot be controlled, such as water temperature
and salinity. Therefore, any genotype by environment interaction present is most

likely due to different water conditions rather than different husbandry practices.

The genetic correlation of harvest weight was 045 * 011 and the genetic
correlation of TGC was 0.43 = 0.11 between Galaxidi and Cudomar, which indicates
a moderate genotype by environment interaction for these traits. Navarro et al.,
(20090) estimated a weaker genotype by environment interaction for harvest
weight (0.70 = 0.10) in gilthead seabream although the experimental fish in that
study were reared in different production systems (tanks and sea cages). In
tanks, environmental conditions can be controlled, which may then lead to low
genotype by environment interaction. Lee-Montero et al. (2015) estimated weak
to strong genotype by environment interaction for specific growth rate (0.05
018 - 0.99 = 012) in gilthead seabream among different regions of Spain and
varying grow-out conditions including intensive rearing in tanks and sea cages,
and semi extensive rearing in ponds. In their study, grow-out conditions as well
as geographical distance strongly affected the magnitude of genotype by
environment interaction. Growth is the primary trait of interest in aquaculture and
highly relevant for breeding programs (Chavanne et al, 2016). Growth and
harvest weight had very similar genotype by environment interaction in this
study. Moderate genotype by environment interaction detected for growth
indicates that an optimization procedure may be applied if the interest is in
reaching a balanced performance in the two environments. An obvious
optimization procedure is to standardize the environmental conditions between
the two environments (Sae-Lim et al.,, 2013); however, husbandry practices in this
experiment were largely standardized and sea cages were subject to naturally

fluctuating water conditions that cannot be controlled. Other optimization
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options are combining the performance of fish in both environments in an index
and selecting on this index in a single breeding program or running two separate
breeding programs for the two environments (James, 1961). If genotype by
environment interaction is present, using performance data from the second
production environment in an index increases the genetic gain in that
environment significantly (Chu et al,, 2018). To decide whether to select on an
index or to run separate breeding programs, the “break-even correlation” should
be considered. The break-even correlation is the genetic correlation between the
same trait in different environments at which the genetic gain of the two
approaches is equal when the costs of two smaller breeding programs are the
same as the cost of one large breeding program (Mulder et al,, 2006). Mulder et
al, (2006) suggests applying separate breeding programs if the genetic

correlation is below 0.5 - 0.7.

The interest of breeding companies that distribute genetic material widely would
be to produce fish that performs well in many conditions and environments.
Therefore, depending on the genotype by environment interaction, data of more
than two locations may need to be used in a breeding program to reach a
balanced performance across those locations. Several methods are available to
group different types of environments in a breeding program (Chenu, 2015). The
number and type of locations depend on the specific interests of the breeding

companies.

Genotype by environment interaction for fillet weight was moderate. The GxE
interaction for fillet weight was slightly weaker than for harvest weight, although
not significantly different. This small difference is in line with the result of Navarro
et al,, (2009a) who also estimated weaker genotype by environment interaction
for fillet weight (0.94 = 0.19) than harvest weight (0.70 £ 0.10) in two production
sites of gilthead seabream. However, their estimate of 0.94 + 019 was much

higher than our estimate (049 * 012). The magnitude of genotype by
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environment interaction can depend highly on the specific differences between

the environments.

The genetic correlation of fillet fat percentage in Galaxidi and Cudomar was 0.87
+ 0.06, which indicates a very weak genotype by environment interaction. This
may mean that accumulation of fat in the muscle is not strongly affected by
environmental changes. The weak genotype by environment interaction is in
accordance with the result of Elalfy et al. (2021), who estimated no genotype by
environment interaction for fillet fat (1.00 £ 0.00) between intensive and semi-
extensive grow-out conditions. Navarro et al. (2009b) estimated a much stronger
genotype by environment interaction for fillet fat (015 + 0.94) measured with
chemical methods in gilthead seabream; however, their estimation was with a
very high standard error and probably not significantly different from our
estimate. A genetic correlation of 0.86 = 0.06 for fillet fat percentage indicates

that reranking of genotypes is minimal to absent for this trait.

5.5 Conclusion

Local water conditions may differ considerably between production sites, which
indicates that local niches play an important role in the production of gilthead
seabream. In this study, moderate genotype by environment interaction was
detected for harvest weight, TGC, fillet weight and liver weight, and weak
genotype by environment interaction was detected for fillet fat percentage and
heart weight. This shows that the relative genetic merit of gilthead seabream in
different farms can vary considerably and that breeding programs need to
consider using data from multiple locations if the produced fish must perform in
different locations. With the moderate genetic correlations observed, separate

breeding programs may be needed.
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6.1  Introduction

Genetic selection has successfully been contributing to improvement of farmed
animal populations in terms of performances and welfare. Breeding programs
are systematic approaches to perform genetic selection that aims to identify
genetically superior animals to serve as the parents of the next generation. By
reproducing genetically superior parents, genetic improvement accumulates in

each generation.

In this thesis, | make a distinction between central-nucleus and integrated
breeding programs due to two aspects. First aspect is where and how the
selection candidates are kept. In central-nucleus approach, selection candidates
are typically maintained in bio-secure indoor facilities with optimum
environmental conditions whereas in integrated approach, selection candidates
are the production animals of fish farms that are kept under specific conditions
of the farm’s production location. The second aspect is dissemination of genetic
improvement. In central-nucleus approach, the genetic improvement is
disseminated to fish farms from the “central” location of nucleus and there is
typically a time lag for genetic improvement to reach fish farms. In integrated
approach, genetic improvement can be utilized in commercial production without
any time lag because fish farms use their own hatcheries to produce their own

commercial stock from the latest generation of broodstock.

There are many advanced central-nucleus breeding programs for farmed
terrestrial animal species. Some of these programs date back to ~100 years ago
including a pedigree-based breeding program for broiler chickens (Lee, 2023),
for laying hens (Tixier-Boichard et al.,, 2012), for dairy cattle (Miglior et al., 2017),
and for beef cattle (Sasaki et al, 2006). The number of breeding programs is not
limited to one for each species as there can be several focusing on fulfilling
different needs of farmers, such as for highly efficient or high yielding broiler lines
(Cobb-Vantress Inc, 2023). The implementation of central-nucleus breeding
programs for improvement of fish species is more recent than terrestrial animals.
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The first family-based central-nucleus breeding program started in 1975 for
Atlantic salmon (Gjedrem, 2010), which was followed by another program for Nile
tilapia that started in 1988 (Bentsen et al, 2017). These are now advanced
implementations of central-nucleus approach with genomic selection
implemented (Joshi et al,, 2021; Robledo et al., 2018). There are several central-
nucleus breeding programs for other fish species although their implementation

is not as advanced as the two initial ones (Boudry et al., 2021).

For some fish species, both central-nucleus and integrated breeding programs
are available; an example is gilthead seabream. The genetic improvement of
seabream started in early 2000’s (Janssen et al, 2015), and nine breeding
programs were reported to be active in 2016 (Chavanne et al,, 2016). Naturally,
the implementation practices and the degree of genetic improvement are
different in those programs. Only a single breeding program has been reported
to be the main business activity for its executing company; others have been
reported to be “integrated” with commercial fish production, meaning that the
companies produce genetically improved juveniles for their own commercial use
and the harvested fish generates the main source of income rather than selling
genetically improved eggs/juveniles (Janssen et al, 2015). “Integrated” with
commercial production does not necessarily mean that the activity is an
integrated breeding program. Some seabream farming companies run their own
central-nucleus breeding programs to supply genetically improved juveniles for
their own commercial production; an example is Nireus SA in Greece. In this case,
the selection candidates are a distinct population that are kept at a “central”
indoor location inside the fish farm. Some other seabream farming companies
run integrated breeding programs to supply juveniles for their own commercial
production; an example is Galaxidi Marine Farm SA in Greece, for which | reported
genetic parameters for several production traits and organ weights in Chapter 5.
Integrated approach might be preferable to central-nucleus approach in certain

cases.
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In this thesis, | aimed to contribute to the improvement of integrated breeding
programs for fish species with innovative research. This thesis includes four
research chapters, each of which addresses a specific challenge faced by
integrated breeding programs. Chapter 2 addresses the challenge to obtain
phenotypes fast and accurately. In that chapter, | validated the quality of several
morphometric measurements as indicator traits for production traits, which were
extracted from 2D and 3D images of gilthead seabream with a novel automated
image analysis process. An automated phenotyping process simplifies data
collection on large numbers of fish and selecting on indicator traits may boost
genetic progress because it allows using Mendelian sampling variance for
carcass traits. Chapter 3 addresses the challenge of controlling the costs of
integrated breeding programs. In this chapter, | proposed a novel genomic
selection design that eliminates the need to genotype a reference population.
This novel design uses indicator traits’ records of selection candidates as
performance data and reduces the cost of genotyping in comparison to
traditional genomic selection designs. Chapter 4 addresses the challenge of
optimizing logistics and costs related to phenotyping. In this chapter, |
investigated the balance between the selection response in harvest weight and
a difficult-to-measure trait in a two-stage genomic selection design where
genotyping effort is fixed but phenotyping effort for difficult-to-measure trait is
not. Depending on the priorities of fish farms, the proposed schemes can balance
the phenotyping effort for desired selection responses in harvest weight and a
difficult-to-measure trait. In Chapter 5, | estimated GxE for production traits and
organ weights between distinct production locations of gilthead seabream. The
degree of GxE enables evaluation in terms of expected performance of
genetically improved material in distinct locations, and therefore, assists to
determine if separate breeding programs are necessary for those environments
or if data from those environments need to be combined in a selection index in
a single breeding program. If the interest is in reaching a balanced performance

across locations, several methods are available to group different types of
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environments in a breeding program (Chenu, 2015). A balanced performance
across locations might be of interest in integrated breeding programs if a fish

farm uses multiple distinct locations to produce fish.

6.2 The need for integrated breeding programs

One significant aspect of integrated breeding programs is that they provide
tailor-made genetic improvement because the breeding goal traits are
measured on candidates raised in the commercial production environment.
Because the target traits are measured in the target environment, GXE is not
expected to be anissue in an integrated breeding program. GxE occurs as scaling
or reranking of genotypes under distinct environmental factors. In aquaculture,
environmental factors can be categorized as natural environmental conditions
and management practices. Natural environmental conditions are those related
to water conditions that cannot be controlled. However, management practices

can be controlled by farmers.

In Chapter 5, | showed that natural water conditions vary between seabream
farming locations in the Mediterranean that included temperature profile, oxygen
concentrations, and salinity levels. In this chapter, | detected strong GxE for
production traits including growth and fillet yield, which is most likely because of
differences in those natural water conditions. Strong GxE between farming
locations shows that there is a need for tailored-to-the-location genetic

improvement.

To show that management practices also differ between farms, | would like to
report a summary of a multidisciplinary survey that was conducted in 2018 within
the MedAID (Horizon 2020) project (Cidad et al., 2018). The survey was designed
by Institute of Agrifood Research and Technology (IRTA), and the questions
aimed at collecting information about production data and management
practices of seabream farms in the Mediterranean (Muniesa et al., 2020). For the
period of January 2015 - December 2017, 15 seabream farms from nine countries

provided answers for the survey. Answers demonstrate the variation in
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management practices. For example, the maximum rearing density in sea cages
varied from as low as 8 kg/m? to as high as 70 kg/m?>. Rearing density has been
reported to vary in other species as well and can cause GxE (Dupont-Nivet et al.,
2008). The feed composition varied between 38 - 56% for protein content, 15 -
21% for fat content, and 15 - 96 MJ/kg for digestible energy. The feed type also
differed among the farms that included extruded and non-extruded feeds.
Genotype by diet interaction is a specific type of GxE and known to occur in
aquaculture (Francis et al,, 2021; Le Boucher et al,, 2013). Therefore, tailor-made
genetic improvement is necessary in the presence of different management

practices.

For genetic improvement of fish species whose farming conditions differ vastly
from one farm to another as in gilthead seabream, integrated breeding
programs may be preferred over central-nucleus approach. There are several
reasons for this. First, the genetic improvement is tailor-made in integrated
approach because the breeding goal traits are measured in the production
environment. This diminishes the risk of suboptimal performance due to GxE and
provides the strongest buffer against evolving water conditions caused by
climate change. Second, the maintenance of selection candidates does not
involve extra costs for the fish farm because they are chosen from the production
population. Third, the production population is produced from the latest
generation of selected broodstock and therefore, genetic improvement is
realized without any time lag. Fourth, the benefit of genetic improvement is
realized through increased output of fish farm and therefore, breeding program
is an additional step in and integral part of production. Fifth, each element of the
breeding program can be shaped according to specific needs of the fish farm. In
addition, | find the integrated approach as the most feasible option for genetic
improvement of fish species that are produced at small quantities in limited
areas. For these species, an integrated approach may boost income through

increased production at little extra cost.
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6.3 Improvement of integrated breeding programs
In this chapter | will describe how the results of my thesis can contribute to
improvement of integrated breeding programs in terms of optimizing efforts for

logistics, reducing cost, and decreasing complexity.

6.3.1 Logistics and cost

6.3.11  Phenotyping

Phenotyping comprises the most time-consuming and laborious part of fish
breeding programs, and therefore in certain cases, it may be a bottleneck for
genetic improvement (Fu and Yuna, 2022) because phenotyping efforts are
restricted by available resources. Phenotypes are quantification of traits, and
their measurement accuracy directly affects the quality of genetic analyses. In
aquaculture, there are various traits of commercial and societal interest. Traits of
commercial interest include harvest weight (Ponzoni et al, 2008), fillet yield
(Fraslin et al., 2018), and feed conversion ratio (Besson et al,, 2020) among other
traits. These traits can be quantified on a continuous scale. In addition, there are
traits quantified on a limited scale, for example survival measured as dead or
alive (0 or 1) (Dinh Pham et al., 2021), and color of the fillet as 10 categories (as
consecutive numbers from 25 to 34) (GUmUs et al, 2023). An example trait of
societal interest is animal welfare, which is quantified as a combination of
behavioral traits, disease resistance, and the severity of deformities (Grimsrud et

al,, 2013). Traits can also be classified whether they are difficult-to-measure.

Difficult-to-measure traits include the ones that require damaging the fish to be
quantified and that can be measured on live fish but are laborious or expensive
to quantify. Examples of traits that require damaging are slaughter traits
including fillet yield, and meat quality traits including texture and fatty acid
profiling. Disease resistance traits are quantified in challenge tests that damage
the fish including skin lesions and death (Van Doan et al,, 2019). Improvement of
difficult-to-measure traits add value to the farmed fish and increases the profit
of farms and reduces environmental impact in case of improved feed conversion
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ratio (Besson et al,, 2020), prevents economic losses in case of increased survival
(Chiu et al., 2010), improves the value of the harvested product in case of
improved fillet yield (Gjedrem, 2008), and increases the sensory and nutritional
characteristics, and potentially the price of fillet in case of improved meat quality
characteristics (Alfnes et al., 2006; Horn et al., 2020; Johnston et al, 2000). Most
central-nucleus breeding programs for fish species include difficult-to-measure

traits in their breeding goals (Chavanne et al., 2016).

In recent years, novel phenotyping methods were developed using image
analysis that facilitate quantification of traits. These methods commonly involve
measurement of morphometric traits from images of fish, either manually or
automated. Manual measurements are done by hand marking the phenotype of
interest using computer software, as performed by Cardoso et al. (2021), who
have manually quantified trunk, fillet, head, and tail areas from Nile tilapia
images. More sophisticated image analysis methods involve automated
measurements, as performed by Navarro et al. (2016), who automated the
quantification of 27 morphometric traits of four fish species. Recently, Liao et al.,
(2021) have used 3-dimensional (3D) images to automatically extract volume
related 3D phenotypes of Tibetan endemic fish species. Automated image
analysis is highly advantageous in comparison to classical manual phenotyping
and can yield several phenotypes in seconds with little labor (Navarro et al., 2016).
However, images of fish yield only morphometric measurements that are related
to the shape of the fish. With image analysis, it is not possible to obtain
measurements of difficult-to-measure traits unless the fish is slaughtered for that
purpose, as performed by Stien et al. (2007), who analyzed salmon fillet images

for color.

Difficult-to-measure traits cannot be quantified directly from images unless the
fish is slaughtered; however, morphometric traits from images can serve as
indicator traits for difficult-to-measure traits. In Chapter 2, | estimated genetic
parameters of morphometric traits that were quantified with image analysis,
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including their genetic correlations to production traits. The results of Chapter 2
are promising to support the idea that automated phenotyping with image
analysis has the potential to replace traditional manual phenotyping in fish
breeding programs. In integrated breeding programs, image analysis is
preferable to traditional phenotyping methods due to several reasons. The first
reason is that image analysis can be automated. To perform automated
phenotyping, software should be created to process the images and then each
fish needs to be photographed in the breeding program. The second reason is
that image analysis is cost-effective. After investing in imaging equipment,
automated phenotyping saves costly labor and valuable time compared to
slaughtering fish to obtain phenotypes for difficult-to-measure traits. Image
analysis saves time in phenotyping for harvest weight as well. Chapter 2 shows
that there are morphometric traits with a perfect correlation to harvest weight.
This means that harvest weight can indirectly be selected for without any loss in
selection response. The third reason is that automated image analysis is fast.
Navarro et al. (2016) reports that each 2-dimensional (2D) image takes ~10
seconds to be processed to yield 27 morphometric measurements. Liao et al,
(2021) reports that each 3D image takes ~50 seconds to be processed to yield
volume measurements. In Chapter 2, the image acquisition time was ~10 seconds.
Each 2D and 3D image was processed in ~0.3 seconds to yield 40 morphometric
measurements. The fourth reason is that quantification with image analysis is
standardized with software and the phenotypes are more accurate and
reproducible compared to manual phenotyping. Manual measurements are
prone to human error. For example, Rutten et al. (2004) reported that the filleter
has considerable influence on fillet yield. Reduced measurement errors are
expected to yield higher heritabilities. For example, Elalfy et al. (2021) reported
that automated measurements of morphometric traits yielded on average 24%
higher heritabilities than manual measurements. Improved heritabilities
contribute to higher selection responses (Falconer and Mackay, 1996). Overall,

image analysis contributes to solving the phenotyping challenge in integrated
134



breeding programs. There are numerous reasons to prefer automated
phenotyping over traditional phenotyping methods, especially for difficult-to-

measure traits.

Genotype by environment interactions may affect the phenotyping strategies in
integrated breeding programs. Integrated approach provides tailored-to-the-
location genetic improvement; however, fish farms may have distinct production
locations in terms of geographical location or water conditions. If there is strong
GxE, a strategy is necessary to reach a balanced performance in these locations
rather than a high performance in a single location. Combining phenotypes
measured in these locations in a selection index may balance the genetic
improvement across production environments (Chu et al,, 2018). In Chapter 5, |
documented that there is strong GxE for main production related traits of
seabream in different parts of the Mediterranean. Therefore, fish farms that
produce in distinct environments should be aware that GxE can reduce the
effectiveness of integrated breeding programs if the genetic improvement is not
fully realized in all the locations. An interesting observation in Chapter 5 is that
the genetic variance of production traits is considerably different in distinct
environments. Genetic variances and consequently, heritabilities influence the
selection response. Therefore, farms may consider collecting selection
candidates in the location where the genetic variances are the highest.
Phenotyping strategies in integrated breeding programs should be based on the
degree of GxE between production environments, the genetic parameters of the

traits, and production volumes in those environments.

Morphometric traits quantified with image analysis may display less GXE across
environments than manually quantified traits. Elalfy et al. (2021) have reported
genetic parameters of several manually and digitally quantified traits of
seabream between two distinct environments including GxE estimates. They
have reported that manually measured harvest weight and digitally measured
lateral length in seabream are genetically the same trait since they have a
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perfect genetic correlation. In addition, while the magnitude of GxE was strong
for weight (046 %= 0.24), it was much weaker for lateral length (0.73 + 017).
Furthermore, Hasan et al. (2022) have performed a similar experiment in black
tiger shrimp and obtained comparable results. Similarly, they have reported that
manually measured weight and digitally measured length are genetically the
same trait. The magnitudes of GxE across several tanks were lower for length
than for weight, although the differences in magnitudes were slight. Therefore,
these results may indicate that automated measurements with image analysis

are less prone to GxE.

6.3.1.2 Genotyping

Genotyping is the process of determining the genetic makeup of individuals,
which is a necessity for genomic selection. Genomic selection is a relatively recent
technology in animal breeding that relies on estimating the effects of markers to
obtain breeding values of individuals (Meuwissen et al., 2001). This technology
has several advantages over traditional pedigree-based selection methods,
most importantly capturing the Mendelian sampling effect that allows highly
accurate and unique assignment of estimated breeding values for each
individual. Despite the advantages, the implementation of genomic selection is
marginal and experimental in fish breeding programs, except for a few high-
value fish species (Boudry et al., 2021). Financial resources play a restricting role
in adopting genomic selection because genotyping costs can be inhibitive.
Therefore, research has focused on reducing genotyping costs including
lowering the density of SNP panels (Kriaridou et al,, 2020), imputation of SNPs
(Deng et al,, 2022), and not performing sib testing every generation (Sonesson
and Meuwissen, 2009).

Cost is a major factor in preferring integrated breeding programs over central-
nucleus approach. Despite that, | suggest utilizing genomic selection in integrated
breeding programs because of the advantages this technology offers. In
integrated breeding programs, anonymous fish in production environment are
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the selection candidates and they need to be identified for genetic analyses. It is
possible to determine the exact relationship between anonymous animals with
genotyping technology. Although low-density SNP arrays can be used to
determine the pedigree only, in my opinion, genotyping with high-density SNP
arrays are more advantageous despite the costs because genomic selection
accelerates genetic improvement. SNP arrays have been developed for fish
species in high demand including Atlantic salmon (Houston et al., 2014), rainbow
trout (Palti et al,, 2015), and tilapia (Joshi et al., 2018). The integrated approach is
well suited for fish species that are farmed at a relatively small scale, for which
typically no commercial SNP arrays are available. Therefore, the entire genome
of these species must be sequenced. However, whole genome sequencing is
more costly than genotyping with SNP arrays (D’Agaro et al, 2021), which is a

hindrance for integrated breeding programs.

Chapter 3 contributes to solving the challenge of cost reduction for genotyping
to promote widespread implementation of genomic selection. In Chapter 3, |
established a novel genomic selection design in which there is no reference
population; therefore, no associated genotyping costs. Genotyping reference
populations in fish breeding can incur high costs because data of large amounts
of siblings may be necessary to fully benefit from genomic selection (Boudry et
al, 2021). The novel genomic selection design uses predicted phenotypes of
selection candidates as performance data. The phenotypic prediction equations
are established on a population that is imaged prior to slaughter, and then used
on imaged selection candidates to predict phenotypes of slaughter traits. This
novel design has elevated benefits for integrated breeding programs because
both the slaughtered population and selection candidates are sampled from the

same production environment.

| expect the phenotypic predictions to be more accurate in this case because
exposure to similar environmental conditions is likely to increase the
physiological uniformity of a population. The phenotypic prediction models may
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contain several morphometric measurements as predictors, as shown by Sang
et al. (2009) and Vandeputte et al. (2017). The accuracy of these models is
sensitive to changes in the variation of and the relationship between
morphometric measurements. The relationship, specifically, the proportions
between morphometric measurements is affected by the size of the fish
(Bosworth et al, 1998). Therefore, | expect the highest prediction accuracy if the
slaughtered fish and selection candidates have the same mean and variation in
weight. This holds true in integrated breeding programs; however, may not hold
true in nucleus approaches where selection candidates are isolated in a bio-
secure environment and typically larger in size than production (slaughtered)
animals. Together with size, differences in environmental conditions may also
affect the proportions between morphometric measurements. In Chapter 5, |
documented that closely related fish reared in different environments to the
same age can have different mean and variation in physiological measures, as
well as a different relationship between them in terms of genetic and phenotypic
correlations. The relationship between morphometric measurements as
physiological traits can be affected by environment, as shown by Ledn-Bernabeu
et al. (2021) who detected GxE for a morphometric measurement between
different production environments. Contrarily, there are studies that reported no
GXE for morphometric traits (Elalfy et al,, 2021; Freitas et al., 2021). Therefore, the
relationship between morphometric measurements and the accuracy of
phenotypic prediction models are influenced by the degree of similarity between
environments, the age and size of fish, and the species in question among other

factors.

6.3.2 Complexity

6.3.2.1 Breeding goals and selection criteria in combination with image
analysis

Breeding goals are directions for improvement in breeding programs in terms of

performance and defining them is the first step of systematic genetic
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improvement (Groen, 2000). Increased growth rate is typically an initial direction
and a common breeding goal in fish breeding programs (de Oliveira et al., 2016;
Gjedrem, 2010; Sui et al,, 2019). Advanced breeding programs may include several
other traits in their breeding goals in addition to growth rate (Chavanne et al.,
2016). To the best of my knowledge, integrated fish breeding programs currently
aim to improve growth rate only. However, additional traits should be included in
the breeding goals of integrated breeding programs to have more efficient, more

resilient, and more resistant production animals.

Selection criteria are the specific traits on which the selection is performed. In
Chapter 5, | showed that harvest weight is an almost perfect criteria to improve
growth of seabream because of close-to-unity genetic correlation between
these traits. Weight is one of the easiest traits to quantify in fish breeding
programs. Despite that, weighing takes considerable amount of effort because
each fish needs to be taken out of water and handled individually. In addition to
the labor, this process is stressful and potentially damaging for the fish in case

of improper handling (Wedemeuyer, 1996).

Automated image analysis offers an easier way to quantify traits. In Chapter 3, |
showed that harvest weight can be predicted perfectly using automated
morphometric measurements, which were extracted with image analysis
methods built in Chapter 2. The measurements were automated in the sense that
after a fish image is available, the software processes the images and yields the
predefined measurements. In Chapter 2, we imaged the fish outside of the water,
which stresses the fish. To prevent that, underwater cameras can be used to
image the fish within the production system, such as in sea cages (Saberioon et
al., 2017), which can lead to fully automated phenotyping. However, there are a
few disadvantages associated with underwater imaging. First, it requires special
saltwater-resistant equipment. In addition to the cost, these cameras are harder
to maintain than regular cameras. The second disadvantage is that the quality
of the underwater images may not be uniform. The illumination is likely to be
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suboptimal, especially when the water is not clear (Zhou et al., 2017a). In addition,
the position of the fish in each image is likely to be different because they swim
freely (Zhou et al,, 2017b). The variations in image quality in terms of illumination
and positioning may negatively influence the measurement accuracy (Wright et
al, 2020). Deep learning methods may suit more for the analysis of underwater
images because deep learning models can be trained to be robust to alterations
in image quality (Akhtar and Mian, 2018). The third disadvantage is that the
identity of the fish should be known prior to imaging. If the fish is taken out of
water, tagging and imaging can be performed together, but this is not possible
underwater. This creates limitations in terms of the number and location of the
selection candidates. For example, collecting selection candidates from several
sea cages may not be possible because of the practical difficulties of finding a
limited number of tagged fish among all the production animals. A solution to
this obstacle may be rearing the selection candidates in a smaller cage where all
the fish is tagged. This also reduces the logistics workload, as it is much easier to
collect selection candidates from a smaller cage rather than full-size production
cages. Another solution for underwater identification is with deep learning
applications, which identify individual fish from images or videos without physical
tagging. However, the identification accuracy of these applications may hinder
their use in integrated breeding programs (Yang et al.,, 2021). In addition, the fish
still must be taken out of water for DNA collection if genomic selection is

intended.

Phenotyping with image analysis has elevated benefits if slaughter traits are in
the breeding goals. In Chapter 2, | showed that indirect selection for fillet yield is
highly efficient with morphometric traits. In Chapter 3, | showed that indirect
selection with image analysis has the potential to boost the genetic improvement
compared to direct selection with manual phenotyping because of high
heritabilities of certain morphometric traits and their almost unity genetic

correlation to fillet yield. The genetic parameters of the same traits can change
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greatly between populations (Gjerde et al., 2012; Nguyen et al,, 2010; Rutten et al,
2005). To obtain population specific genetic parameters, analyses must be
performed with population specific data, which requires the slaughter of fish to
obtain records of slaughter traits. However, filleting is laborious and time
consuming. On the other hand, the slaughter data can be obtained routinely if
farms have their own slaughterhouses. In addition, processing farm’s own
harvest creates extra value for improved fillet yield. To obtain financial benefits
through improved fillet yield, farmers should be paid on the amount of fillet
rather than on total fish weight. Farmers of high-value fish species in certain
countries are paid on the amount of fillet. Such as, Sang et al. (2009) reported
that the catfish processing companies in Vietnam pay the farmers based on a
combination of harvest weight and fillet yield. Similarly, Nguyen et al. (2010)
reported that in major tilapia-producing countries, the payment is shifting from
harvest weight to fillet weight. However, it is not likely that processing companies
will pay for the fillet of species that are farmed at a small scale. Therefore, fish
farms can add more value to their harvest if they have slaughterhouses, in which

case they can sell fillet rather than the whole fish.

6.3.2.2 Multi-stage genomic selection for fillet yield in combination with
image analysis
In Chapter 4, | focused on optimizing phenotyping efforts for slaughter traits, e.g,
for fillet yield, in genomic selection programs. The main implication of Chapter 4
for integrated breeding programs is that breeding programs must choose if they
desire a higher response in harvest weight or in fillet yield because a higher
response in one trait leads a lower response in the other under genotyping
constraints. Logically, this choice is based on the income generated by genetic
improvement in traits. In case the main income of a farm is generated by selling
whole fish, producing biomass is more important than producing more fillet.
However, in case the main income of a farm is generated by selling fillets, the

fillet yield might be more important than the biomass produced. In Chapter 4, |

141



simulated a two-stage selection scheme, which is used widely in fish breeding
programs (Cao et al, 2012; Martinez et al, 2006; Sae-Lim et al, 2013). An
advantage of two-stage selection is that it saves time and resources because
weight is typically the only trait measured in the first stage of selection. Reduction
of labor is essential for the implementation of integrated breeding programs.
Therefore, the selection scheme in Chapter 4 can be combined with image
analysis for a much simpler implementation of multi-stage selection. In the first
stage, the fish can be selected on an indicator trait such as tota/ volume that is
perfectly correlated to harvest weight. Another possibility with image analysis is
to mass select on fillet yield through selection on indicator traits, such as #unk
volume. Likewise in the second stage, indicator traits can be used instead of
manual measurements. Using image analysis may reduce the number of fish
that need to be slaughtered in genomic selection. In Chapter 3, | showed that the
accuracy of genomic estimated breeding values increases with more
performance data even if the performances are predicted. Therefore, | expect
that increasing the number of fish with predicted performance data will
contribute to larger increases in the accuracy of breeding values than increasing
the number of slaughtered fish that are used to build phenotypic prediction

equations.

6.4  Further improvement of integrated breeding programs: Real-time
selection
So far, | have focused mostly on improving phenotyping strategies in integrated
breeding programs. Now, | will outline how breeding programs can further be
improved by combining image analysis with high-throughput algorithms to
perform real-time selection. In breeding programs, the steps of data collection,
statistical analysis, and selection of animals are discrete and consecutive
(Shepherd and Kinghorn, 1993). Ideally, these discrete steps can be combined

into a single step for more efficient use of time and resources. | call this process
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“real-time selection”, which allows to keep or discard a selection candidate as

soon as it is phenotyped.

For a preview of how real-time selection might work, | simulated a population of
1,000 fish with equal numbers of males and females with a single trait. The trait
was quantified on selection candidates and the heritability varied between 0.1 -
0.7. The simulated real-time selection process phenotyped the selection
candidates one by one in a random order. When a new phenotype was available,
the process updated the running mean and standard deviation of the selection
criteria. The selection was either on phenotypes or on estimated breeding values
(EBV). In case of mass selection, the running mean was calculated as
UuR, = (P, + P, + P;+ .-+ B,)/n where Pis a phenotype and nis the number of

fish phenotyped including the last one, and a running standard deviation as

oR, = /X(P, — pR,)?/(n— 1) where A is the phenotype of the last measured
fish. In case of pedigree selection, the running mean was calculated as

uR, = (EBV, + EBV, + EBV; + -+ EBV,)/n and a running standard deviation

as oR, = \/Z(EBVL- — UuR,)?/(n—1). The process kept or discarded a selection
candidate by comparing its phenotype or estimated breeding value to a
threshold, which was the quantile of (Ny, parents = Nsetectea)/(N — (n — 1)) in a
distribution of N(uRn, 62Rn) where Noo_parents WaSs the number of required parents,
Nselected WQS the number selection candidates kept until the last phenotyping, N
was the total number of selection candidates, and 7 was the number of animals
phenotyped including the last one. The process kept a selection candidate to be
a parent if its phenotype or estimated breeding value was higher than the

threshold.

| calculated the accuracy of the real-time selection process by comparing the
resulting selection response to a gold-standard reference response. In the case
of mass selection, reference response was obtained by first phenotyping all
selection candidates and determining the ones with the highest phenotypes. In

the case of pedigree selection, reference response was obtained by estimating
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the breeding values after all phenotypes were available and determining the
ones with the highest EBVs. The selected proportion was 15% in all the scenarios.
For mass selection, the real-time process yielded 99.5% of the gold-standard
reference selection response independent of heritability. For pedigree-selection,
the real-time process yielded 81% of the gold-standard reference selection
response for a heritability of 0.1, which increased linearly to 98% until the

heritability of 0.7.

The high accuracy of real-time selection is promising for its implementation in
integrated breeding programs. If real-time selection technology is combined with
image analysis technology, the entire selection process can be fully automated.
For example, the mass selection stage in Chapter 4 can be performed by real-
time selection technology on image-derived measurements for almost-fully
automatic selection. However, the implementation of real-time selection process
in genomic selection is more challenging because it requires rapid handling of
large genomic data. Therefore, optimization of the real-time selection technology

is necessary for quick handling of genomic data.

6.5 Concluding remarks

| believe that expansion in aquaculture production is essential to meet the
growing demand for food in the world. The sustainable development of
aquaculture depends on several factors including advances in aquaculture
engineering (Lekang, 2020), feed technology (Paolucci, 2023) and not the least
governmental policies (Bostock et al, 2016). Among all factors, genetic
improvement plays a pivotal role because the genetic makeup of production
animals greatly influences their performance (Naeve et al,, 2022). Therefore, it is
essential to use genetically improved stock in aquaculture. Despite the
advantages of genetic improvement, a great majority of farmed fish species are
not genetically improved. However, all fish species deserve to have a breeding
program to become high yielding and efficient under production conditions.
Genetic improvement of lesser-known fish species will benefit their farmers with
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increased income and improve the species diversity in aquaculture production.
Society will also benefit from an increased choice of fish to purchase at the

market and possibly reduced prices.

The research | conducted in this thesis contributes highly to improved
implementation of integrated breeding programs in terms of optimizing efforts
and reducing complexity. Image analysis is the master key to unlock the full
potential of integrated breeding programs because automated phenotyping is
in the center of all pieces for improvement. The novel genomic selection design
depends on automated phenotyping and is fundamental to make the breeding
program affordable. Two-stage selection is another essential component for
reducing the complexity of the breeding program. GxE studies will assist the
breeders on data collection strategies within integrated breeding programs and
the optimal environments to keep the selection candidates. Further research on
innovative technologies will facilitate the implementation of integrated breeding
programs, which is fundamental for selective breeding of countless farmed fish

species.
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In this PhD thesis, | focus on integrated breeding programs. In integrated
breeding programs, data collection and selection are performed in the
commercial production environment. The integrated approach is particularly
useful for species or populations with small production volumes, where a central-
nucleus breeding program is not affordable. These species deserve a breeding
program as well. Selection candidates in these programs are the production
animals of fish farms that are kept under specific conditions of the farm’s
production location. In this thesis, | aim to contribute to the improvement of
integrated breeding programs for fish by addressing several challenges

associated with their implementation.

In Chapter 2, | addressed the need to obtain phenotypes fast and accurately
within integrated breeding programs. In that chapter, | validated the quality of
several morphometric measurements as indicator traits for production traits,
which were extracted from 2D and 3D images of gilthead seabream with a novel
automated image analysis process. Automated phenotyping simplifies data
collection on large numbers of fish. Phenotyping from images allows selection on
indicator traits that are 1) measured on selection candidates instead of sibs and

2) have high heritabilities and correlations to breeding goal traits.

In Chapter 3, | addressed the challenge of controlling the costs of integrated
breeding programs. In this chapter, | presented a novel genomic selection design
that eliminates the need to genotype a reference population. This novel design
uses images on the reference population as well as selection candidates to
predict indicator traits’ values for the selection candidates. Using these indicator
traits as performance data reduces the cost of genotyping in comparison to

traditional genomic selection designs.

In Chapter 4, | addressed the challenge of optimizing logistics and costs related
to phenotyping. In this chapter, | investigated the balance between the selection
response in harvest weight and a difficult-to-measure trait in a two-stage

genomic selection design. The optimal proportion of candidates phenotyped for
161



a difficult-to-measure trait was investigated. The desired selection responses in
harvest weight and a difficult-to-measure trait can be optimized by balancing

the phenotyping effort for the difficult-to-measure trait.

In Chapter 5, | estimated GxE for production traits and organ weights between
distinct production locations of gilthead seabream. Integrated breeding
programs tailor the genetic improvement to the production system where
candidates are kept. | detected strong GxE for production traits including growth
and fillet yield, which is most likely because of differences in natural water
conditions. This means that a balanced performance across locations may need
to be recorded in integrated breeding programs if a fish farm uses multiple

distinct locations to produce fish.

In Chapter 6 (general discussion), | provide a synthesis of the knowledge
produced in chapters 2-5 and how this knowledge can be used to improve
integrated breeding programs for simple and affordable genetic improvement

of all fish species.
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