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Summary

Genomic selection is a method developed to help breeders select the best parents to have a progeny that
exhibits good targeted characteristics. This selection is performed based on the genotype of the animals.
The field of genomic selection consists of designing a model that can be trained based on a training
population that is able to predict the chosen phenotypes based only on the genotypes.

Machine learning is a field that has become more and more popular during the last decade. These
algorithms are used to build complex models based on a large amount of data. These methods have
provided very powerful models in a large variety of fields, from image segmentation to the processing of
natural language.

As more and more animals are genotyped, the amount of available data becomes big enough to be able to
consider machine learning methods. Some architectures trained on cattle datasets were proposed in the
literature, but there are still many possible algorithms to be evaluated. In this thesis, we will explore a wide
range of machine learning methods from the linear Ridge regression or XGBoost to more complex neural
networks, like convolutional neural networks or transformers. The objective is to find models that perform
better than the state-of-the-art GBLUP linear model, and perform some experiments on the models to
better understand how to apply the machine learning methods for genomic selection.

From all the models we have trained, no model had better performance than the GBLUP models, but
some models, the MLP, the ridge regression, and the SVM, reached similar performances. The experi-
ments also show interesting results. The usage of maximum or average pooling layers seems to decrease
the performance of the convolutional neural network. Models trained to predict several phenotypes at the
same time do reach the same performance as the models trained on a single phenotype, which can reduce
the time required to develop a model. Indeed, only a single architecture would have to be tuned instead
of one for every phenotype. The impact of the size of the training set was studied. It shows that using
more data could increase the performance of the different architectures. Finally, some suggestions are
proposed for future research on the usage of machine learning methods for genomic selection.
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Introduction

When breeding dairy cattle, reproduction is a mandatory step. Without it, no cows would produce milk,
and there would be no next generation to take over when the previous one got sold for their meat. In an
economic world where competitiveness is really important, having to rely on a random operation such as
reproduction is not very reassuring. Owning a cow that produces less milk or that has an underdeveloped
musculature reduces the profit of the farmers. As they do not already make a lot of profit, too many losses
due to these problems may put their whole business at risk. In the opposite case, having a productive
generation may increase the profit of the farmers, allowing them to invest in new equipment or secure
the future of the farm. All these examples show the importance of reproduction for farmers, and a better
understanding of the process could have a massive effect in this sector.

Genomic selection is a field that was developed thanks to technological improvements of the last twenty
years. The goal is to predict certain characteristics called phenotypes based on the genotype of an indi-
vidual. Based on this tool, it would become possible to estimate the performance of the progeny using
the information contained in DNA, which will reduce the randomness of the reproduction process by using
a harmless procedure. Several methods were developed that performed sufficiently well to enable the use
of genomic selection all around the world.

Machine learning is a field of computer science that studies algorithms that use data to learn a model to
classify or predict a value from the input. That field has become very popular in the last ten years, with
the rise of deep learning, a subfield of machine learning that focuses on neural network-based models.
Deep learning methods were applied to a wide range of problems, ranging from image classification to
text translation or image generation, with very good results. However, while deep learning has achieved
great success in some domains, other application domains, including the field of genomic selection, have
not yet fully benefited from deep learning advances.

One state-of-the-art model in genomic selection is the GBLUP, which is a linear model. Some machine
learning algorithms have been proposed in order to find a better model by using nonlinearity, but those
models failed to perform better than the GBLUP. This thesis will test several machine learning algorithms
with a special focus on deep learning algorithms due to their recent success in other fields. The goal is
to perform a wide evaluation in order to determine which model is suitable for genomic selection and if
they can match or improve the quality of the prediction provided by existing state-of-the-art models. As
the literature is not very developed, a wide range of methods will be evaluated to provide an overview
of the possibilities. In addition to the evaluation of the model, some experiments will be performed to
evaluate the relevance of specific hyperparameters or methods. This will help to better understand how
the algorithm can be applied in genomic selection.

1



Objective and Outline

The objective of this thesis is to evaluate the possible machine learning methods that can be applied based
on the given dataset to search for an alternative to the linear GBLUP model that is widely used in genomic
selection. As the literature contains only a few papers using a cattle dataset of this size, a wide range of
methods is defined in order to cover all the main families of methods.

The second objective of this thesis is to perform some experiments on these architectures. As the dataset
is uncommon in machine learning, the usual practice of the field may not be adapted to genomic selection.
In this paper, experiments were designed for every architecture to test a wide range of hyperparameters.
From the training pipeline to the usage of certain layers, these experiments aim to determine what is a
good practice from what decreases the prediction of the model.

To summarize, the goal of this thesis is to provide a useful basis for any future research done with the pro-
vided dataset or more globally in the field of genomic selection. To do so, this report was written to be as
complete as possible to ensure the experiments are reproducible and could be used as the basis for more ad-
vanced research, even if they do not use the same dataset as the one from this work. All scripts used during
the project are available on GitHub at https://github.com/Florent-Hervers/master-thesis-code
to enable in-depth analysis of every experiment presented in this document.

As this work touches on several domains, it is important to provide the basis from biology and computer
science, to make the content of the document understandable to anyone, regardless of their specialty.
Chapter 1 will introduce the relevant biology concepts and the dataset used in the thesis. After that,
GBLUP, the state-of-the-art model, will be explained in detail, as it is used as the baseline in this thesis.
Finally, an overview of the existing models in genomic selection will be performed. The next two chapters,
Chapter 2 and Chapter 3, will explain, model by model, the algorithms and the experiments evaluated
during this thesis. To avoid confusion between the different models, the relevant comparisons between
the models will be discussed in Chapter 4. Finally, Chapter 5 will conclude this thesis and discuss potential
directions for future works.

2
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Chapter 1

Background

1.1 Terminology and essential concepts

This section aims to introduce the main terms and concepts mentioned in this thesis. Only the biological
concepts will be explained here, while all computer science-related concepts will be explained in the following
sections, where they will make more sense. The goal of this section is to give any reader with an engineering
background the necessary knowledge to be able to fully understand what will be addressed in the rest of the
thesis. For the sake of clarity, this section is not a complete description of the field of genomic selection,
but rather an introduction to the field to ensure the understanding of this thesis.

1.1.1 DNA

Figure 1.1: Schematic of the structure of the DNA
molecule. (Taken from [1])

The deoxyribonucleic acid (abbreviated to
DNA) is present in almost all organic organisms.
Found in the nucleus of every cell, DNA con-
tains the entirety of genetic information. This
molecule is a polymer, and its building block, the
monomer, is called a nucleotide. A monomer is
composed of three molecules: a sugar molecule
(2-deoxyribose), a phosphate molecule, and a
nitrogen base. Because the sugar and phos-
phate molecules are common to all nucleotides,
we usually describe the nucleotides by their
nitrogen base. There are four different nu-
cleotides in the DNA: Adenine, Thymine, Gua-
nine, and Cytosine. To simplify the notation,
only the first letter of the base is used when
speaking about nucleotides. As shown in Figure
1.1, the DNA structure is a double helix with
a matching of the bases between the two DNA
strands: A is always matched with T, and C is
always matched with G. Due to this matching,
we only need the sequence of nitrogen bases
of one DNA strain to describe the full DNA
molecule. The second strain can always be in-
ferred from the first one and thus does not carry
any additional information.
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1.1.2 Chromosomes, SNP and polyploidy

Figure 1.2: Illustration of a SNP between two individuals (taken from [1])

In this field, we are interested in the differences between individuals in order to choose the individuals that
will perform better in the criterion of interest. The simplest modification in the DNA of an individual is
a different nucleotide for a given locus (position in the chromosome or a gene). In the jargon, biologists
call that a single-nucleotide polymorphism (for the sake of brevity, the abbreviation SNP will be used in
the remainder of this document). Figure 1.2 shows a selected locus in the DNA molecule of two different
individuals. We can see that all nucleotides are identical except for one single position. This is the SNP
where we have an allele represented by the nucleotide C and the second by the nucleotide T. SNPs are
created by mutations. Mutations are relatively rare, as it is uncommon. These mutations are transmitted
from parents to progeny across generations. To give an idea of how unlikely mutations are, the number
of new mutations in humans is between 50 and 90 per generation [12]. Tri-allelic SNP would require two
mutations at the same position. Given the size of the cattle genome (2.7 billion base pairs) [13], it is very
unlikely that this happens. Even if we detect a tri-allelic SNP, it is cleared from the data as it is too rare
to be meaningful.

The next concept relevant to this project is the way the DNA is structured within an individual. Most of
the time, DNA molecules are mixed inside a cell’s nucleus without any structure, like a plate of tangled
spaghetti made with DNA molecules. The term used to describe the DNA is chromatin. When cellular
division occurs, DNA folds itself to form what is called chromosomes.
Figure 1.3 shows, on the left, the chromatin, which is the default state of the DNA, compared to the
condensed version, the chromosomes, on the right of the figure. These chromosomes are visible using a
microscope, and it is possible to assign a number to each chromosome to structure the genetic code via
this ordering of the chromosomes. Humans are diploid organisms, meaning that each cell contains two
sets of every chromosome. There also exist haploid organisms (with one set of chromosomes), such as the
fire ant, or triploid (with three sets of chromosomes), such as the seedless watermelon or the Jonagold
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Figure 1.3: Comparison of chromatin and chromosomes (taken from [2])

apple [14, 15]. The number of sets of chromosomes for an individual is a very important property for
genomic selection. For a given chromosome, the different replicas within an individual are not exactly the
same: the nucleotide for a SNP may not have the same value for every replica. The higher the ploidy, the
more the number of possible SNP combinations increases. For a diploid individual, there are three possible
cases for a given position in DNA. Let A and a be different nucleotides. The possible combinations are the
homozygous ones: AA and aa, and the heterozygous one: Aa (the order does not matter as we do not
order the chromosomes within a set). In the case of a triploid individual, we would have four combinations:
AAA, aaa, aaA, aAA. The ploidy impacts the number of possible combinations of the SNPs. All methods
and models developed in this thesis will only be valid for diploid individuals, as the dataset used comes
from cattle, which are diploid animals. Adapting the methods to non-diploid individuals will require mod-
ifications to take into account the increase in the number of possible combinations for a given position.
Depending on the method, the modification may be straightforward or require major modifications to take
into account the modified number of combinations.

1.1.3 Phenotypes and heritability

The next concepts to be explained are the phenotypes and their heritability. A phenotype can be defined
as an observable or measurable characteristic. Some examples of this are the size, the eye color, or the
blood group. There is a need to make a separation in the phenotypes. On one side, we have Mendelian
traits. These traits are defined by a single gene, predicting the phenotype is thus as simple as finding only
one gene that explains the trait [16]. The environment does not influence such phenotypes. Applying
complicated methods on phenotypes that are defined by a single known gene does not make sense, as we
already know where to look for improvement. The second type is complex traits. These are polygenic
traits: they are influenced by many genes and the environment. This case is much more difficult, as there
is no indication of how many genes are involved, which exponentially increases the number of possibilities,
and some variations can be caused by the environment. It is impossible to predict a complex trait exactly
using only the genotype of an individual, as the influence of the environment is not taken into account.
This thesis and the field of genomic selection naturally focused on the complex traits. The model used to
describe this is [17]:

P = G + E (1.1)

The phenotype P is defined by the genotype G and the environment E. The effect of the environment
is vague and widespread. Some examples of possible environmental effects are the temperatures, the
diseases, the food, the interactions with other individuals, .... These effects can not be tracked completely
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and objectively. Thus, it can be considered as uncertainty on the phenotypic values. To quantify this
uncertainty, researchers introduced the concept of heritability of a phenotype. It can be defined as the
amount of variation in a trait that is due to variation in genetic factors [18]. To introduce the formula of
heritability, we have to introduce some notations. From the definition of the variance and the equation
(1.1) we have:

V ar(P ) = V ar(G) + V ar(E) + 2 Cov(G,E)

Where V ar(G) denotes the genetic variance: the variance of the phenotypes that is caused by the genetic
effects, and V ar(P ) denotes the phenotypic variance: the classical variance of the values of the phenotypes.
The formula of the broad sense heritability H2 is V ar(G)V ar(P ) , the proportion of the variance in the phenotype
due to the genotype. However, broad-sense heritability is not used in the field of genomic selection. The
model used for the genetic effect is:

G = A+D + EP (1.2)

Equation (1.2) indicates that the genetic effect is composed of three terms. The first one, A, represents
the additive genetic effects (also called the breeding value). It is defined like this: "The additive genetic
value of an individual is the sum of the average effects of all the alleles the individual carries" [18]. The
second one, D, represents the dominance genetic effects: these are due to interactions between alleles
at a single locus. The third and final one represents the epistasis genetic effects EP . It represents the
effects due to the interaction of the alleles at different loci [19]. As the genome of a child will be built
from a random combination of the genomes of the parents, they will therefore transmit half their additive
effect to their progeny. Due to the randomness of the combination, the dominance and epistasis effects
are less predictable.

This leads us to the definition of heritability we will use: the narrow-sense heritability h2. The for-
mula for this heritability is h2 = V ar(A)

V ar(P ) where V ar(A) is the variance due to additive genetic effects. The
focus on the additive genetic effect does not mean that the dominance and epistasis effects do not matter
when predicting the phenotypes. The equation of the model (1.2) indicates that the dominance and the
epistasis effect play a role that should not be neglected by the genomic selection to provide accurate
predictions. However, these effects are difficult to predict from the parents to the progeny as they depend
on the recombination of the chromosomes. As the parent will transmit half their additive effect to their
progeny, this is why the narrow-sense heritability is preferred to the broad-sense heritability.

We can see that by definition, narrow-sense and broad-sense heritability are values between 0 and 1
as defined by a ratio of variances. These values are interesting as they quantify how useful the genotypes
are for predicting a phenotype. A high value means that the genotypes impact the phenotype much more
than the environment and may hint that the phenotype will be easier to predict using the genotypes than
another.

1.1.4 Genomic selection

In 2001, [20] proposed a method where it would be possible to estimate phenotype values based on a
dense marker map spread across the whole genome. This paper was the first one to use the genotypic
data in order to predict the phenotypic values. It introduced a new field named genomic selection. To
be able to perform genomic selection, we need to have a training population where the genotypes and
the phenotypes are available. Based on this data, we use a model to predict the phenotypes from the
genotypes. Once the best model is found, this model can be used to predict the phenotypes of individuals
not in the training set. The usage of the genotype enables making more accurate predictions in cases
where there is very little information about the parents and siblings, or when the animal is young. The two
main components of the field are the data and the model. As the models are built using the data from the
training population, the performances of genomic selection rely on the genotypes that are used. A model
built based on ten sibling animals will not enable the construction of a good model, whatever the method
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used. The design of the model used to predict the phenotypes is also important for genomic selection.
It needs to be able to extract from the genotypes the useful information and handle the influence of the
environment on the phenotypes, as explained in the previous subsection. The objective of this thesis will
consist of evaluating new models built using machine learning algorithms.

[20] introduced methods that were only demonstrated in simulated data. The technology of 2001 was
not advanced enough to provide the required SNP markers. It was thus not possible to evaluate directly
whether the usage of this new source of data can be used to improve the quality of the predictions. More
or less ten years later, research has provided new methods to create the marker maps at a scale where
they could be used in farms. Genomic selection for livestock animals was adopted all around the world:
in France [21] or in the United States [22] and [23]. For example, milk, fat, and protein yields from dairy
cattle nearly doubled between 1963 and 2013, and more than half of the improvement can be attributed
to changes in genetics [22]. Genetics may have a big influence on chosen characteristics.

As the accuracy of the methods depends on the data used to train the model, the improvements due
to genomic selection increase over time thanks to the addition of new data. The acquisition of new data
is also sped up thanks to the technology improvements. The cost of genotyping a cow was reduced from
250$ in 2008 to between 40$ and 80$ in 2020, depending on the desired marker density [24]. For the
same budget, it is possible to obtain 3 to 5 times more genotypes than in the early stages of the method,
which helps to rapidly increase the databases for the different species. The implementation of international
collaborations to bring together genotypes from different countries also helps to create big collections of
genotypes that will contribute to improving the genomic selection methods and reducing the cost [24].

1.2 Dataset: definition and analysis

This section will introduce the dataset used during this study, where it came from, the species of cattle,
the data format, and how the different sets were constructed. The dataset was provided by the Walloon
breeding association (AWE). The association has two separate sections: the first one, called Elevéo, is
a non-profit association that can provide specific services tailored to the needs of breeders. The second
one, called Inovéo, is a cooperative that provides semen harvesting and genetics operations to breeders
[25]. The association counts more than 4000 members and employs more than 200 people. The board
of the company is composed only of members of that association, which ensures the association provides
useful resources to the breeders in Wallonia. The provided dataset comes from Belgian Blue cattle. This
breed is one of the most common in Belgium. Nearly 50% of the cows raised in Belgium are from the
Belgian Blue breed. The original breed has been divided into two populations, one specialized in the meat
and one dual-purpose for milk and meat production. The dataset used contains only animals from the
meat population. It is also used in crossbreeding programs as it yields good results [26]. The data is
not available publicly but was already used in a paper studying the possible improvement using the whole
genome sequences instead of markers [27]. The dataset is composed of 36304 SNP markers for 18324
individuals, and the data of six different phenotypes were available.

Concerning the genotypes, they were provided in three files, one bed file, one bim file, and one fam
file that follow the format used by the PLINK software [28]. For every individual, 36304 SNP markers
were provided without any missing values. As explained in Section 1.1, there are three possibilities to
encode a SNP for a given locus. Let a and A be two different alleles. The pair aa was encoded by 0, the
pair aA (or Aa, the ordering does not matter) is encoded by 1, and the pair AA is encoded by 2. Another
way to explain the encoding is that the value represents the number of allele A present in the individual.
This encoding type is allele dosage and is used to model additive effects.

The first four phenotypes, named respectively shoulder, top, buttock (rear), and buttock (side), rep-
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resent the muscular development for the shoulder, top, and two views for the buttock, the rear and side
views. The fifth one, called size, describes the height of the animal’s body. Figure 1.4 displays in green
what these five phenotypes mean on a cow to help link the phenotype to the expression of these values.
The last one, called musculature, is an artificial value obtained by summing all the muscular measures
with different weights. The computation of the phenotypes was performed according to the following
procedure. The values were first evaluated by specialized technicians on a 0-50 scale. The phenotypes
were corrected for the effect due to the age of the animal using a quadratic regression. After that, the
fixed effects were also taken into account, like the body condition, the date, or the place where it was
performed. More details about the corrections can be found on the AWE website [29], and more details
about the data sequencing can be found in these two papers [27] and [30]. Note that the value of the
musculature phenotype is computed based on a weighted sum of raw values of the shoulder, top, and the
two buttock phenotypes. The different corrections explain why the musculature is not perfectly correlated
with those phenotypes.

(a) Shoulder (b) Top (c) Buttock (side)

(d) Buttock (rear) (e) Size

Figure 1.4: Visualization of the phenotypes (taken from [3])

Machine learning methods are not methods that can be run directly on any dataset and provide the most
accurate prediction possible. There are what we call hyperparameters: values that depend on the chosen
algorithm or architectures that influence the quality of the results. Therefore, the most appropriate value
for the parameters needs to be chosen. To avoid any selection bias, a separation is required between the
data on which we will tune the hyperparameters, the validation set, from the data used to evaluate the
best model, the test set. As the dataset size is relatively big, there is no need for cross-validation methods
(that is used when the dataset is small to avoid selection bias without reducing the dataset size used for
the training). The individuals to be used in the test set were defined with the data provided to be able
to compare the results of this thesis with other experiments done with the same dataset. The size of
the validation set was chosen to be 1000. All remaining samples available composed the training set on
which we will construct all models. However, one last criterion has to be satisfied. To avoid bias in the
model, the genotypes in the validation and test sets should be from different generations. If the progeny
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of an individual is found in the training dataset, it will be easier for the model to predict its phenotype.
In practice, we want to use those models on young individuals that has no progeny yet. To have split the
dataset coherently with the utilization in practice, the data is sorted by birth date. The individuals who
composed the validation and test sets must be from younger generations. The test set already satisfies
this constraint. The validation set is then built by taking the 1000 younger samples from the data not
present in the test set.

Table 1.1: Dataset summary per phenotype

Shoulder Top Buttock (side) Buttock (rear) Size Musculature

Training set size 13300 13300 13300 13300 12533 12461
Validation set size 1000 1000 1000 1000 1000 1000
Test set size 3252 3252 3252 3252 3315 3047
Narrow-sense heritability h2 0.304 0.339 0.375 0.327 0.434 0.381

Unfortunately, the provided dataset does not have all six phenotypes for every individual. There are some
missing phenotypes. It means that the size of the different sets presented varies depending on the phe-
notype. Table 1.1 presents the size of the sets per phenotype together with the narrow-sense heritability
estimated from the training set. As the first four phenotypes were probably measured by the same tech-
nician in a single visit, the individuals in the sets are identical. This interesting property from the dataset
will be used later in the thesis. Note that for the Musculature phenotype that depends on the first four
phenotypes, the sizes of the sets are different. It is caused by the fact that more traits are used to
compute the Musculature phenotype that may be missing from some individuals, making the computation
impossible. For the narrow-sense heritability, we can see that the values are moderate. For example, the
heritability of the size for humans is 0.8 [31]. However, the phenotypes available are the one that has the
biggest heritability from the ones listed on the website [29] and are thus the ones the most suitable to be
used.

This dataset will be the only one used during this thesis. One particular property of our dataset is
its size, which is quite big compared to the ones mentioned in the literature. As there were many candi-
date algorithms to evaluate, the training and evaluation of the models resulting from the algorithms will
take a considerable amount of time, as there are six phenotypes to evaluate.

Table 1.2: Mean and variance of the phenotypes in function of the set

(a) Means

Shoulder Top Buttock (side) Buttock (rear) Size Musculature

Training set 3.388 5.086 3.312 3.244 -3.624 2.873
Validation set 3.637 5.442 3.360 3.323 -2.879 2.901
Test set 3.789 5.679 3.550 3.569 -3.121 3.051

(b) Variances

Shoulder Top Buttock (side) Buttock (rear) Size Musculature

Training set 4.206 14.865 2.748 2.584 59.318 3.009
Validation set 3.545 14.331 2.236 2.488 57.493 2.955
Test set 3.212 12.712 2.488 2.301 59.970 2.714

In order to give a bit more insight about the data from the different sets, Table 1.2 summarizes the
means and the variances of the phenotypes for the different datasets. The first thing we can observe is
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that there are no statistics that are the same for the three sets. This can perturb the predictions of the
machine learning model as it will assume that the new data comes from the same distribution, but from
the statistics in Table 1.2, this does not seem to be the case here, which is something to keep in mind.
When looking at every muscle-related phenotype, we can see that the mean of these phenotypes increases
over time (and the different sets) while the variances decrease. The statistics for the size phenotype are
very different than the ones for the muscle-related phenotypes: the mean is negative and the variance is
much bigger.

1.3 Genomic best linear unbiased prediction (GBLUP) model

This section will explain and present one of the most used methods in genomic selection: the genomic best
linear unbiased prediction model, or GBLUP. This model will be very important in this thesis as it will be
used as the baseline to compare the results of the models developed in the following sections. The section
will be divided into three sub-sections: the first will explain the mathematical model used in the GBLUP,
together with the expression of the solutions of the model. The second part will explain how the model
of the first section is applied to obtain the GBLUP model. In this section, an alternative formulation will
also be introduced to show the two main approaches of the GBLUP model. The final section will explain
how one can use the GBLUP model to make predictions on genotypes based on the available data.

1.3.1 Best unbiased linear estimator (BLUP)

This first section aims to provide a general introduction to the best linear unbiased model (also called
BLUP) before covering models used in genomic selection. The goal of this subsection is to introduce the
equations in a general way such that any reader can understand where the equations come from. As the
concept of BLUP models is not specific to the genomic selection field, the presented equations in this
section will be general.

The BLUP model uses a linear mixed model ([32–34]). The general expression of such a model is:

y = Xb+ Vu+ e (1.3)

where:

• y ∈ Rn is the data vector to predict and n is the number of observations available.

• b ∈ Rq the unknown vector of fixed effects.

• u ∈ Rp the unknown vector of random effect that follows a normal distribution with a mean of 0
and a covariance matrix U ∈ Rp×p.

• The matrices X ∈ Rn×q and V ∈ Rn×p are known matrices that links respectively y to b and y to u
for every object.

• The vector e ∈ Rn is a vector of random error assumed to be normally distributed with a mean of
0 and a covariance matrix R ∈ Rn×n.

The variables of the model are the vectors b and u, the fixed and random effects that are used to predict
the value of the y vector. The name of the model can be explained by the structure of equation (1.3).
The linear part is obvious from the structure of the equation. The model is mixed as it takes into account
both fixed and random effects in its formulation. The solution of such a model is given by the Henderson
mixed model equations ([32, 33]). The matrix form of these equations is as follows:(

XTR−1X XTR−1V
VTR−1X VTR−1V+U−1

)(
b
u

)
=

(
XTR−1y
VTR−1y

)
(1.4)
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The main property of this formulation is that the solution of these equations will have the least mean
squared error compared to all linear estimators. The "best" from the BLUP comes from there. The
"unbiased" adjective comes from the fact that the average of the estimations will be equal to the average
of what we wanted to estimate. The "predictor" term indicates that the model will estimate the random
effects. The convention is to call estimators models that estimate the fixed effect, while predictors are
models that estimate the random effects [32].

1.3.2 SNP-BLUP

The first formulation used in genomic selection that we will analyze is the SNP-BLUP. Let us apply the
equation (1.3) to a single phenotype (for the sake of simplicity), which gives us the following equation:

y = 1nµ+ Za+ e (1.5)

Where:

• The only fixed effect is the mean of the phenotype µ

• The matrix X of Equation (1.3) became a vector of one (denoted as 1n)

• The matrix Z contains all m SNP marker values from the available genotypes. For every marker j
and individual i and a and A be different nucleotides, the value at element Zi j will be equal to 0 if
individual i has the genotype aa at marker j, 1 if the genotype is aA, and 2 if the genotype is AA.
All individuals have to be present in the matrix, even those who need to be predicted. Note that the
format of the dataset described in Section 1.2 is the same as for the Z matrix. This matrix is thus
known and available thanks to the structure of the dataset.

• The vector a is the effect of the SNP, element ai represent the contribution of effect i. The vector
is assumed to be distributed from a normal distribution of zero mean and a variance of σ2a shared
for all markers.

• We still assume that the random error e ∼ N (0, σ2e ).

In Equation (1.5), we can see that the only fixed effect is the mean of the phenotype µ, and the random
effects are the ones from every marker a. Given the general solution of the mixed linear model (1.4) and
the model formulation described by Equation (1.5), the formulation of the solution of SNP-BLUP is as
follows: (

1Tn 1n 1Tn Z
ZT1n ZTZ+ Iλ

)(
µ

a

)
=

(
1Tn y
ZT y

)
(1.6)

Where I ∈ Rm×m is the identity matrix and λ = σ2e
σ2a

is called the shrinkage parameter. Note that the solu-
tion of the SNP-BLUP, described in equation (1.6), is similar to the solution of a least squares problem.
The only difference is the Iλ term that is not present in a least squares solution. The scalar λ "shrinks
LS estimates toward zero to an extent depending on the noise-signal ratio" [35]. It also makes sure that
the model has a unique solution even when the matrix ZTZ is singular.

The main issue with the SNP-BLUP formulation is that the dimensions of the problem to solve are
proportional to the number of SNP markers used. In genomic selection, the number of markers is usually
in the order of ten thousand markers. For example, in our dataset, we have 36304 markers. The SNP-
BLUP formulation is thus not very practical for genomic selection, but explaining the formulation is useful
when we compare the model with the ridge regression later in Section 2.3.
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1.3.3 GBLUP

The SNP-BLUP formulation described in the previous subsection is not the only formulation possible. It
is possible to formulate the problem in a second way that does not depend on the number of markers.
This formulation is called the GBLUP. This model is important in this thesis as it is the one that we will
use as a baseline when comparing the results of the models developed in this work. The equation of the
model is very similar to the one for the SNP-BLUP:

y = 1nµ+ Pg+ e (1.7)

Where:

• P ∈ Rr×f where r is the number of phenotypes individuals and f the total number of individuals in
the analysis (with and without phenotypic data). The value at element Pi j is one if the phenotype
i in the list of available phenotypes corresponds to animal j or zero otherwise [36]. The individuals
without records will then be estimated based on the available records and the model.

• The g ∈ Rf vector is the vector of genetic values is now distributed following N (0,Gσ2g) where
G ∈ Rf×f is the genomic relationship matrix and σ2g is the additive genetic variance (called VA in
the Section 1.1 when introducing the heritability).

• Like in the formulation for the SNP-BLUP, 1n is a vector of ones, µ is the unknown mean of the
phenotype and e ∼ N (0, σ2e ) is the random error.

The genomic relationship matrix (GRM) stores in the element Gi j , the proportion of the markers that are
shared between individual i and j. In Equation (1.7), there is no sign of the genotypes of the animals.
This is because the GRM is constructed based on the Z matrix introduced in the previous subsection,
which contains the genotypes of all individuals in our dataset. There are several methods to compute the
GRM [37]. We will only cover in detail the two methods we have used during this project: the VanRaden
method and the Yang method. The expression of the element Gjk in the VanRaden-GRM is:

Gjk =
∑
i(Zi j − 2pi)(Zik − 2pi)
2
∑
i pi(1− pi)

(1.8)

where i refers to loci and j/k refers to individuals. Note that in the Equation (1.8), the denominator is the
same ∀j, k and can be seen as a constant. This rescaling is done to be analogous to the pedigree-based
additive relationship matrix that was used in BLUP methods before the GBLUP one. The 2pi term in the
numerator is used to set the mean for a given locus to zero in the Z matrix. Using the fact that we study
diploid animals, the mean E[Zi .] is equal to 2pi .

The expression of the Yang-GRM is as follows:

Gjk =


1
N

∑
i
(Zi j−2pi )(Zik−2pi )

2pi (1−pi ) if j ̸= k

1 + 1
N

∑
i

Z2i j−(1+2pi )Zi j+2p2i
2pi (1−pi ) if j = k

(1.9)

where i refers to loci, j/k refers to individuals, and N is the number of markers. The second case in
Equation (1.9), where j = k is a special case that we will not detail here. We will focus on the first case.

When we observe the two expressions, we can see that they are very similar. In Equation (1.9), the
product (Zi j − 2pi)(Zik − 2pi) is normalized where it is not the case in Equation (1.8) for the VanRaden-
GRM. Indeed, V ar(Zi j − 2pi) = E[(Zi j − 2pi)2] = 2pi(1 − pi) as by construction E[Zi j − 2pi ] = 0. The
expression of Yang-GRM makes the hypothesis that all markers as the same contribution to the variance,
which implies that the rare variants have a larger impact than in VanRaden, where the contribution is
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defined by 2pi(1− pi) which is maximum when pi is equal to 0.5: when the effect is common.

The VanRaden-GRM and Yang-GRM are thus very similar but make different assumptions about the
importance of the rare effects. According to [38]: "There is very little difference in accuracy between
these two relationship matrices". In this thesis, we will evaluate the GBLUP model with both GRM to
evaluate the choice of the GRM construction method.

The last point to discuss about the GBLUP is the formulation of the solution to the model. Accord-
ing to Equation (1.4), the solution can be expressed as follow:(

1Tn 1n 1Tn P
PT1n PTP+ G−1 σ

2
e

σ2g

)(
µ

g

)
=

(
1Tn y
PT y

)
(1.10)

Compared to the solution derived in Equation (1.6), the expression from equation (1.10) will create
as many equations as the number of individuals instead of the number of SNP markers used. These
two formulations can be shown to be equivalent [38]. The only difference resides in the number of
equations to be solved. When the number of markers is greater than the number of individuals, then
the GBLUP formulation is to be preferred, while in the opposite case, the SNP-BLUP will require solving
fewer equations. As the number of markers is usually between 20000 and 50000, and there are not many
datasets that can surpass this size, the GBLUP formulation is the one most used in practice.

1.3.4 Predicting new phenotypes with GBLUP

The procedure to compute the prediction from the GBLUP model with our dataset will be split into three
steps. The software used to perform all steps is LDAK version 6 [39]. The order of the steps is important
as the results of the previous steps are used in the next ones. There is thus no possibility of executing
two steps in parallel.

1. Compute the GRM: As the dataset provides the Z matrix, everything is available to compute the
GRM, whatever the method.

2. Once the GRM is computed, we still can not solve Equation (1.10) as both σ2e and σ2g are unknown.
It is thus required to estimate those variances to be able to make any prediction. We used the
restricted maximum likelihood (REML) algorithm that is often used to solve mixed linear models, as
it can compute an unbiased estimation of the covariance matrix parameters [40]. In this case, these
parameters are σ2e and σ2g that we want to estimate.

3. Based on the variance estimation from the second step and the GRM from step one, we are set to
finally solve the equations and get the GBLUP predictions for all cows from the dataset.

One last important detail in the second step is that the phenotypic data of the samples from the validation
and the test set must be masked such that it can not be used during the REML algorithm. By doing so,
the model will predict the phenotype of these samples (and not use it to estimate the variances).

1.3.5 Results and discussion

Table 1.3 summarizes the prediction on the test set based on the data of the training set only, depending
on the method used to construct the GRM. We can see that the results for the correlation are close to
0.5 for every phenotype. For the mean absolute error, we can see that the results are not in the same
order of magnitude as for the correlation. Using the variances found in Table 1.2b, we can see that the
greater the variance, the greater the mean absolute error. We can also observe that the GBLUP yields
better results in both metrics for all phenotypes when using the VanRaden method. The claim from [38]
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Table 1.3: GBLUP results in function of the GRM computation method

(a) Correlation

Shoulder Top Buttock (side) Buttock (rear) Size Musculature
GBLUP (VanRaden) 0.492 0.477 0.507 0.504 0.490 0.522
GBLUP (Yang) 0.488 0.474 0.506 0.500 0.487 0.518

(b) Mean absolute error

Shoulder Top Buttock (side) Buttock (rear) Size Musculature
GBLUP (VanRaden) 1.209 2.421 1.056 1.013 5.347 1.100
GBLUP (Yang) 1.212 2.425 1.058 1.014 5.356 1.104

is correct for our dataset, as the differences between both methods are in the order of the thousand. This
gap is too small to claim that one method is better than another. However, due to the slight consistent
improvement of the VanRaden method, only these results will be used as the baseline of this thesis. The
results obtained with the Yang GRM will not be provided in the future tables to lighten the tables used to
compare the results.

1.4 Overview of other genomic selection methods

As more and more data are being collected for the reasons mentioned before, researchers naturally became
interested in one of the most popular fields of recent years: machine learning methods. It can provide
complex and accurate models based on a large amount of data. The problem of genomic selection can
very easily be posed as a regression problem. The input data would be the genotypes of the individual, and
the output would be the predicted value of the phenotype. The main one, GBLUP, has been described in
Section 1.3. Bayesian methods are also used as models in genomic selection: some examples are BayesA
and BayesB [20] and BayesCπ and BayesDπ [41]. These models are either linear or statistical models.
Machine learning models could be the basis of a new type of model that will perform better than the ones
already used. Such models would also benefit from the increase in the datasets explained before.

In the literature, there are a few papers describing neural network architectures for cattle. For exam-
ple, [42] presents a model where the phenotypes were first estimated using the GBLUP method (which
will be described in the following section). Based on the results of GBLUP, the data is then given to an
MLP model whose goal is to adjust the predictions based on non-linear interactions. Their method was
evaluated on a simulated dataset and a real dataset containing more than a hundred thousand genotypes
of French Holstein dairy cattle. However, their methods did not show any improvement in the Pearson
correlation coefficient between the target and the model output (which is often used as a performance
metric in this literature) compared to the values obtained using only the GBLUP model. [43] applied a
feedforward Bayesian model called BANN for biologically annotated neural networks introduced in [44].
They used a dataset of six thousand Chinese Holstein dairy cattle in their paper and obtained a better
Pearson correlation coefficient between the target and the model output than all the other tested methods.

As there are not many papers that have used animal datasets to evaluate the quality of the proposed
model, architectures tested on crops like wheat and maize were also considered. [45] reviewed 23 papers
that introduced either a multi-layer perceptron (MLP) or a convolutional neural network (CNN) archi-
tecture to different types of crops and some animal datasets. It has shown no relevant differences as
the neural models performed better in only half of the paper’s analyses. According to their analysis, they
think that some models were poorly designed (bad model design or bad splitting of the dataset). They
also found the CNN architectures to be better than the MLP ones, as most papers that outperformed the
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classical genome-based prediction models used CNN architectures. [46] introduced a three-layer CNN with
batch normalization and dropout layers. They evaluate their results on four different datasets of different
crops. The size of the dataset varies from a few hundred to two thousand genotypes. They showed that
their architecture performed better on all analyzed traits and that their model performed better as more
data became available to train the model.

As transformers became very popular since their introduction in 2017 [47], some researchers also tried to
develop attention-based models. [48] introduced a model, named GPformer, based on auto-correlation
attention and convolutional layers. The embeddings are created using a convolutional layer combined with
the SNP physical position as positional encoding. A knowledge-guided module is also introduced instead
of using the raw SNP inputs. This module used the results of genome-wide association studies (GWAS) to
add information for every marker. They used four crop datasets whose size varies between three hundred
and two thousand four hundred genotypes. The paper introduced a custom metric, the consistent index,
that combines the mean absolute error and the Pearson correlation coefficient. Using this consistent in-
dex, GPformer performed better in almost all analyzed traits. The usage of the knowledge-guided modules
enabled to increase even more the results based on the consistent index, such that the GPformer with this
module outperformed every tested model. However, these results can not be easily compared to other
papers due to the usage of their custom consistent index.

To conclude this section, this overview of the literature showed that the usage of machine learning meth-
ods in genomic selection is still in an early stage. When using the crops dataset, different models have
been proposed, but there is no consensus about one. Every paper compares its architecture with different
machine learning based models, which makes the comparison between the papers difficult. There is no
clear state-of-the-art machine learning model that is used by a large number of researchers yet. However,
algorithms developed based on crop datasets yielded better results than the conventional methods, which
could indicate that an improvement is possible by using machine learning methods. The fact that many
architectures were used for those models indicates that there are improvements to be made using those
datasets. The downside of having many good models that are trained on different datasets is the difficulty
in selecting the models that will suit the problem the most. For dairy cattle, only a few architectures were
proposed. None of them significantly improves the Pearson correlation of their models with the target
phenotypes, which indicates that we are still at an early stage of the research. As the goal of this thesis is
to evaluate many different machine learning methods, researchers could use the conclusions of this work
to continue the search for a better model. The exploration of the different methods will also enable us to
define the methods that are worth using in the future from those that do not yield good results. As there
are few architectures proposed in the literature, this exploration may be of great help to better understand
the link between machine learning and genomic selection.
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Chapter 2

Machine learning methods

The next two sections will present the different methods that were tested during this work. This chapter
will present the so-called machine learning methods. The next chapter will present so-called deep learning
methods. This next chapter will present the methods trained using the PyTorch Python library [6]. This
section will focus on models that follow the scikit-learn library interface [49]. This separation makes this
report more structured by avoiding a single big chapter with all methods within. The separation can also
be justified from a practical point of view. The methodology employed in this chapter is slightly different
from the one used in the following chapter. Splitting the methods into two chapters will enable us to clearly
delimit which methodology was used for which models, such that no ambiguity remains after reading this
document. The next section will thus explain the methodology applied to all models that will be presented
in the later sections.

2.1 Methodology

The methodology used for the following model begins by determining which hyperparameters will be
evaluated, together with the starting range of values. Once these are defined, all possible combinations
were tested in order to look for a local maximum in the prediction accuracy (another term for the Pearson
correlation coefficient). The hyperparameters that lead to the best-performing model on the validation
set within a model family are then selected as our final model. For some architectures, some experiments
were performed during the grid search, the details will be provided for every model concerned. The second
most used metric in the field, the mean absolute error, will also be provided as a secondary metric. The
best model will be the one that achieves the maximum prediction accuracy. The validation set will not
be added to the training set when we evaluate on the test set, as the hyperparameters are not optimized
with this data. It could thus make the predictions worse and decrease the performance of the models. In
each section, the results of these models will be compared to the GBLUP baseline, and the results will be
discussed. All models will be compared together in Section 4.6. As some of these models are very quick
to train, we performed five runs with different seeds to evaluate the variance of the model. In that case,
we will provide the mean of these five runs and the standard deviation in order to evaluate the variance of
these models. We do not perform several runs for the slower algorithms, as the goal of this thesis was to
focus on the exploration of the different techniques. The choice was made to privilege experiments over
variance estimation of the final models.

2.2 Random forest

The basis of the Random Forest algorithm is binary decision trees. Figure 2.1 shows a binary regression tree
where X1 and X2 are input features (in our context, SNP markers), ti are thresholds, and ri are the model
predictions. The predictions are defined as the average of the phenotypic values of the training samples
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Figure 2.1: Example of a binary regression tree (taken from [4])

ending in the corresponding final node (called a leaf). Regression trees are quite powerful predictors as
they can perfectly fit the training data by creating a case for every training example. However, this leads
to poor performance on data not used during the training. We see that the model overfits the training
data. To avoid developing the tree to a point where it overfits, several methods were developed. The
only method we will consider consists of restricting the depth of the tree. In a decision tree, the depth is
defined as the maximal number of conditions encountered before reaching a leaf. For example, the depth
of the tree in Figure 2.1 is three when we always follow the branch at the right. When we set a maximal
value that the tree cannot exceed, we limit the number of leaves of that tree to 2d , where d is the depth.
The depth also constrains the number of SNP markers that will be considered to produce a solution, as
only one marker can be evaluated in a condition.

2.2.1 Experiments

Random forest is an algorithm specifically designed for trees. It will construct several trees (in our case,
1000). For each tree, we build the tree from a bootstrap sample of the same size as the training set. In
other words, it performs sampling with replacement. Some samples will be selected several times, while
other samples could not be selected, which reduces the effective number of samples used to build the tree
while avoiding constructing several times the same tree as the training set is not the same. To speed
things up and further perturb the data, we also restrict the number of SNP markers considered to find the
best split. The final prediction of the model is the average prediction of the 1000 trees. The averaging of
the prediction will reduce the variance of the prediction. The drawback of the averaging is an increase in
the bias, as the best features may not be selected at each node due to the restrictions and the reduction of
the learning set caused by the bootstrap sampling when building the trees. The two hyperparameters we
have evaluated are thus the maximum authorized depth for every tree, called max depth, and the number
of features considered at each split, called max features. For the max depth hyperparameter, the value
from 1 to 35 where evaluated with an increment of 1 between 1 and 15 and an increment of 2 between
15 and 35. Values higher than 35 were not considered, as the highest depth in a tree observed in an
unconstrained random forest is 42, and the average depth is 31.749. Evaluating for higher values of max
depth will not be interesting, as the relaxation will only concern a few trees, which will not impact the final
result much. For the max features, the tested values were N2 ,

N
3 ,
N
4 ,
N
10 ,

N
100 ,
√
N, N1000 where N = 36304

is the number of markers. The choice of the values was defined arbitrarily. The hyperparameter tuning
induced the creation, the training, and the evaluation of 20 ∗ 7 ∗ 6 = 840 models for all six phenotypes.
Table A.1 contains the best found configuration for all phenotypes. The results of these best models on
the validation set can be found in Table B.1.
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2.2.2 Results and discussion

Table 2.1: Random forest results

(a) Correlation

Shoulder Top Buttock (side) Buttock (rear) Size Musculature

GBLUP (VanRaden) 0.492 0.477 0.507 0.504 0.490 0.522
Random Forest 0.382 ± 0.00138 0.358 ± 0.00087 0.394 ± 0.00160 0.374 ± 0.00180 0.324 ± 0.00312 0.394 ± 0.00172

(b) Mean absolute error

Shoulder Top Buttock (side) Buttock (rear) Size Musculature

GBLUP (VanRaden) 1.209 2.421 1.056 1.013 5.347 1.100
Random forest 1.324 ± 0.00082 2.635± 0.00042 1.152±0.00061 1.112± 0.00071 5.974±0.00314 1.187 ±0.00123

The results are summarized in Table 2.1. The mean absolute error results are close to those obtained
by the baseline, except for the size phenotype. However, when we look at the correlation metric, the
results from the random forest are far from those obtained with the GBLUP. We can also see that the
variance of the model in both metrics is very low, which indicates that the reduction of variance induced
by the random forest works well. As a conclusion, this algorithm does not suit the problem of genomic
selection as it failed to reach similar performances to the baseline.

2.3 Ridge regression

Ridge regression is one of the most popular variants of the linear regression problem. Let be Z ∈ Rn×m
the matrix containing the m SNP markers from n individuals. The ridge regression problem modelisation
of the problem is:

y = b1n + Zw (2.1)

Where y ∈ Rn is the vector of prediction of the ridge model, 1n ∈ Rn a vector full of one, b the bias
term and w ∈ Rm the vector of weights of the models for every markers. The parameters w and b are
defined such that the prediction given by Equation (2.1) minimized the square error

(
|
∑n
i=1 yi − b −∑m

j=1 Zi jwj
)2
+λ||w||2. The second term is the regularization term introduced by Ridge regression, where

λ is a hyperparameter to be chosen. This term encourages the model to shrink the model weights w
toward zero. For example, if the vector w is equal to (1,-1), then its norm will be equal to

√
2 ≈ 1.414.

But if the vector becomes equal to (-0.5,0.5), then the norm is
√
1
2 ≈ 0.707, which is smaller than in the

previous case. The hyperparameter λ controls the trade-off between the decrease of the square loss and
the shrinkage of the norm of the w. The solution of such a model is [4]:

w∗(λ) = (ZTZ+ λI)−1ZT y (2.2)

Equation 2.2 also illustrates another advantage of the ridge regression: it has a unique solution ∀λ > 0.
Indeed, the matrix ZTZ + λI can not become singular and can thus always be invertible. This is a great
property to have as the matrix ZTZ can become singular if the training set contains the genotypes of
several generations of individuals that have undergone genomic selection, as individuals become more and
more inbred [50]. We can also see that Equation (2.2) is similar to the solution of the SNP-BLUP model,
Equation (1.6), if we consider that the fixed effect, the mean, is zero.

2.3.1 Experiments

λ is thus the only hyperparameter to optimize in this model. We started the search from λ = 1 and
increased the value of λ with a step that starts at one to end at 50 when the values of λ became bigger.
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The starting value was chosen to match the default value of the scikit-learn implementation. For our
dataset, the answer was to look for higher values based on the best configuration summarized in Table
A.2. We stopped the search whenever we reached a local maximum in the correlation metric. Table A.1
contains the best found configuration for all phenotypes.

2.3.2 Results and discussion

Table 2.2: Ridge regression results

(a) Correlation

Shoulder Top Buttock (side) Buttock (rear) Size Musculature

GBLUP (VanRaden) 0.492 0.477 0.507 0.504 0.490 0.522
Ridge 0.490 0.477 0.508 0.504 0.491 0.523

(b) Mean absolute error

Shoulder Top Buttock (side) Buttock (rear) Size Musculature

GBLUP (VanRaden) 1.209 2.421 1.056 1.013 5.347 1.100
Ridge 1.208 2.421 1.053 1.012 5.352 1.098

Table 2.2 shows the results of the Ridge regression compared to the GBLUP. Results are almost
identical; the differences in both metrics are in the order of 10−3, which is not significant at all. This
similarity can be explained by the observation made above: the SNP-BLUP and ridge regression have a
very similar expression. As GBLUP is equivalent to the SNP-BLUP, it is logical that the model achieves
similar performance. The differences between the two results should come from the estimation of λ via
the REML algorithm, which is an automatic way to find a good λ. The algorithm may find a slightly
different λ compared to the value found by the performed grid search. The results obtained are still
valuable as they enable the validation of the results obtained with the GBLUP method. Two totally
different implementations were used to find the same results; we can thus be confident that no mistakes
were made while applying the GBLUP algorithm.

2.4 Support vector machine

Support vector machines are another variation of the linear regression model. The algorithm tries to find
a weight vector w ∈ Rm, where m is the number of SNP markers, according to the following optimization
problem ([51,52]):

min
w

1

2
wTw+ C

n∑
i=1

(
ξi + ξ

∗
i

)
s.t. yi −wTZi . − b ≤ ϵ+ ξ∗i ∀i ∈ [1, n]

wTZi . + b − yi ≤ ϵ+ ξi ∀i ∈ [1, n]
ξi ≥ 0 ∀i ∈ [1, n]
ξ∗i ≥ 0 ∀i ∈ [1, n]

(2.3)

where Zi . ∈ Rm refers to the m markers of the individual i, ξi and ξ∗i slack variables, C and ϵ are
hyperparameters. The prediction of the model is defined as wTZi .+ b. The first two constraints of (2.3)
mean that the absolute error of the prediction against the true value must be smaller than or equal to ϵ;
otherwise, the slack variable ξ must be non-zero. The last term of the objective function ensures that
the slack variables are encouraged to be as close to zero as possible. In other words, the models make
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prediction errors less than ϵ. The hyperparameter C controls the tradeoff between the two terms of the
objective function, while ϵ defines the tolerance of error of the model. Note that the fact that there are
two constraints is due to the requirement of the optimization formulation. As the absolute value operator
is not linear, we split the constraint into two to have a linear constraint. It makes the formulation a
quadratic optimization problem that can be solved. The expression from (2.3) helps to understand the
goal of the SVM algorithm. Unfortunately, the formulation that is used in the SVM algorithm is not this
one. We prefer to use the Lagrangian dual formulation as it enables us to introduce the kernel trick. This
formulation is ([51,52]):

min
α

1

2

n∑
i=1

n∑
j=1

(αi − α∗i )(αj − α∗j )ZTi.Zj. + ε
n∑
i=1

(αi + α
∗
i )−

n∑
i=1

yi (αi − α∗i )

s.t.
n∑
i=1

(αi − α∗i ) = 0,

0 ≤ αi ≤ C ∀i ∈ [1, n]
0 ≤ α∗i ≤ C ∀i ∈ [1, n]

(2.4)

The kernel trick consists of leaving the dot product ZTi.Zj. from Equation (2.4)implicit by replacing it by
a Kernel K(Zi ., Zj.) that represent a measure of similarity between the two argument. This Kernel K
must satisfy the following constraint to be valid. The N ×N matrix B where the element Bi j = K(oi , oj)
must be symmetric and positive (semi)definite ∀N ∈ N and ∀o1, . . . , oN [4]. This constraint does not
prevent us from using nonlinear functions. It would enable us to define a nonlinear predictor despite the
linear formulation of the algorithm. During this thesis, we have considered the radial basis function (RBF)
kernel. Its equation is given by [53]:

K(xi , xj) = e−γ(||xi−xj ||2) (2.5)

where γ is a hyperparameter to choose. It can be seen as "the inverse of the radius of influence of a
sample" [54].

An important detail of this algorithm concerns the complexity of the model. The time complexity of
the model is cubic in the size of the training set due to the quadratic solvers that are used to solve the
model, and has a quadratic memory complexity with respect to the training set size due to the storage of
all possible values for the kernel [55]. This algorithm can not be used as it is for a big dataset. Indeed, for
the dataset used in this thesis (between 12k and 13k training samples), the training took between 1 and
six hours, depending on the hyperparameter choice. The tuning of hyperparameters will thus take a lot of
time. This is the reason why fewer combinations were tested for this algorithm compared to the others.

2.4.1 Experiments

The hyperparameters tuned in this thesis are the C from Equations (2.3) and (2.4) and the γ from the
RBF kernel found in Equation (2.5). In an ideal scenario, the ϵ would also be optimized, but we could
not do many experiments due to the reasons explained in the previous paragraph. The C hyperparameter
does influence the slack variable and thus the trade-off between the two terms of the objective function
defined in (2.3), but the effect is not the same as the ϵ hyperparameter. Optimizing only the value of C
is an acceptable tradeoff, but not the optimal way of tuning a support vector machine. The starting point
for the initial values was the default parameters of the scikit-learn implementation, γ = 4.36 ∗10−5 and C
= 1, as they provided a good initial model. For the first phenotype, the shoulder one, a larger grid search
was tested in order to explore the impact of the different hyperparameters. The search was narrowed until
a local maximum in the correlation result was found. To reduce the number of combinations tried for
the other phenotypes, we started the tuning by testing the values optimal for the shoulder phenotype: C
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∈ [0.9, 1, 3.25, 5.5, 7.75] and γ ∈ [7.75 ∗ 10−5, 10−5, 1.225 ∗ 10−4, 1.45 ∗ 10−4, 1.675 ∗ 10−4]. Based on
this starting area, the next hyperparameter combinations were chosen to explore the promising areas of
the space. Like for the first phenotype, the search was stopped when a local maximum was discovered.
The summary of the best configuration found for the SVM can be found in Table A.3.

2.4.2 Results and discussion

Table 2.3: SVM results

(a) Correlation

Shoulder Top Buttock (side) Buttock (rear) Size Musculature

GBLUP (VanRaden) 0.492 0.477 0.507 0.504 0.490 0.522
SVM 0.486 0.475 0.512 0.500 0.490 0.518

(b) Mean absolute error

Shoulder Top Buttock (side) Buttock (rear) Size Musculature

GBLUP (VanRaden) 1.209 2.421 1.056 1.013 5.347 1.100
SVM 1.211 2.430 1.045 1.013 5.391 1.105

Table 2.3 shows the results of the models compared to the GBLUP. We can see that the results are very
similar: the slight variations are in the order of the thousandth, which is too small to conclude anything
about the model. However, due to the time complexity of the algorithm, SVMs are not very suitable for
datasets with 10k individuals in comparison with the GBLUP, as it is much slower to train and produce
the same results. For a small dataset, the unique optimization formulation of the SVM may compensate
when there is only a small amount of data available. This section showed that SVM can perform as well
as the GBLUP. The question of whether this observation can also be applied to smaller datasets remains
open and could be an interesting follow-up to this thesis.

2.5 XGBoost

The XGBoost algorithm is part of the "boosting" algorithm family. Instead of creating a single complex
model, these methods are based on many "weak" models that have a high bias to construct a solution.
For the XGBoost model, regression trees are used as the "weak" models.

Figure 2.2: General representation of booting algorithms (taken from [4])
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Figure 2.2 shows the general structure of the boosting algorithm. These models are trained thanks to
a modified version of the data that depends on the prediction of the previous model and the previous
learning set. As we are in a regression problem, the model’s predictions ŷi(x) are combined by a weighted
sum in order to find the model prediction.

There are several boosting algorithms possible for regression problems. The XGBoost algorithm uses
a modified version of the gradient boosting algorithm [56]. The definition of the loss function used by
XGBoost is [57]:

L(LS) =
∑
i∈LS
l(yi , ŷ(xi) +

∑
t∈T
γNleaf ,t +

λ

2

Nleaf ,t∑
l=1

w2l (2.6)

where ŷ(xi) is the prediction of the XGboost model, l is a differentiable loss, T is the set of trees from
the model, Nleaf ,t is the number of leaves of tree t, γ and λ are hyperparameters, and wl is the pre-
diction associated with leave l. Note that in this thesis, only the default square loss will be used as the
loss function. The last two terms from Equation (2.6) are complexity penalty terms: γNleaf ,t penalizes
the number of leaves, which indirectly limits the depth of the tree ( as a regression tree may only have
2d leaves for a tree of depth d. The term λ

2

∑Nleaf ,t
l=1 w2l is an L2 penalization of the prediction of the

tree, like the one found in the Ridge regression. This regularized loss is designed to prevent the built
tree from overfitting. This helps to maintain the intuition of the boosting algorithm that uses a com-
bination of "weak" learners, as the trees will not be able to predict correctly due to all constraints in place.

The algorithm starts from an approximation ŷ(x) = arg minγ
∑
i L(yi , γ) where L(yi , γ) is a loss function

here. This first approximation is the best constant prediction according to the loss function. The second
step consists of a loop of T iterations. For every iteration, the steps are:

1. For all couples genotypes/phenotypes (xi , yi) in the dataset, compute the gradient of the loss with
respect to the prediction of the estimator ŷ(x), r(xi , yi), which is defined as follow:

r(xi , yi) = −

∣∣∣∣∣∂L(yi , F (xi))∂F (xi)

∣∣∣∣∣
F=ŷ

In the XGBoost algorithm, this term is computed using a second-order Taylor expansion of the loss
function [57].

2. Train a regression tree ŷt = arg minȳ
∑
i(ȳ(xi)− r(xi , yi))2.

3. Update the estimator ŷ(x) via the formula ŷ(x) = ŷ(x) + µŷt(x).

To have more intuition on the meaning of the r(xi , yi), let us take an example using the square loss
L(yi , F (xi)) = 1

2(yi−F (xi))
2 as a loss function. The first step of an iteration is to compute the expression

of r(xi , yi), which is yi−ŷ(xi). It represents the error made by the estimator ŷ for the input xi . The second
step results in the training of a regression tree that aims to predict r(xi , yi). Step three consists of updating
the estimator. Let us assume the regression tree perfectly predicts r(xi , yi) and a learning rate µ equal
to one, the estimator after the update becomes equal to ŷ(xi) + r(xi , yi) = ŷ(xi) + yi − ŷ(xi) = yi : The
estimator perfectly predict the output. This toy example illustrates the role of r(xi , yi), which estimates
the error made by the current estimator. The algorithm tries to add a new tree to correct the error until
we reach the maximum number of iterations.

2.5.1 Experiments

The considered hyperparameters of the XGBoost algorithm are the number of estimators T, which is
equal to the number of iterations of the steps described above, as a single tree is constructed at each
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iteration. In this project, this value was set to 1000 and was not tuned. The learning rate µ is the first
tuned hyperparameter. A lower learning rate requires more trees to converge toward the model’s best
performance. Each built tree prediction is multiplied by the learning rate. Reducing the learning rate also
reduces the impact of every iteration, which explains why we need more trees when we reduce the learning
rate. The tested values are [10−4, 5*10−4, 10−3, 10−2, 0.1, 0.2, 0,3, 0.4, 0.5]. Evaluate values lower
and higher than the default value of the parameter 0.3. Very low values were considered, as these are the
common values of learning rate seen for neural networks. The second hyperparameter tuned is the max
depth of the regression trees. The values tested are [2, 3, 4, 5, 6, 7, 8, 9, 10]. The range was centered
on the default parameter value: 6. Finally, the last tuned hyperparameter is the subsampling one, which
defines the proportion of the dataset to be used when building the trees. Like in the Random Forest, the
advantage of reducing the learning set is to reduce the variance of the final model by avoiding overfitting
on all samples. However, the variance of the model increases as the training depends on the individuals
selected in the learning set. The tested values are [0.25, 0.5, 0.75, 1], where 1 means no subsampling.
The models were trained using the open source implementation from [57]. The best configurations are
described in Table A.4. The results on the validation set of this best configuration are described in the
Table B.1.

2.5.2 Results and discussion

Table 2.4: XGBoost results

(a) Correlation

Shoulder Top Buttock (side) Buttock (rear) Size Musculature

GBLUP (VanRaden) 0.492 0.477 0.507 0.504 0.490 0.522
XGBoost 0.435± 0.00118 0.418 ± 0.00295 0.447 ± 0.00551 0.441 ± 0.00545 0.378 ± 0.00498 0.462 ± 0.00252

(b) Mean absolute error

Shoulder Top Buttock (side) Buttock (rear) Size Musculature

GBLUP (VanRaden) 1.209 2.421 1.056 1.013 5.347 1.100
XGBoost 1.260 ± 0.00170 2.530± 0.00319 1.096 ± 0.00449 1.060 ± 0.00319 5.746 ± 0.01535 1.138 ± 0.00372

Table 2.4 shows the performance of the XGBoost models compared to the one from the GBLUP baseline.
We can see that for the mean absolute error, the XGBoost is close to the prediction of the GBLUP.
However, the gap for the correlation metric is much bigger. The fact that the mean absolute error is close
to the baseline means the model learns correctly how to predict individual phenotype values. However, the
performance of the XGBoost model on the correlation metric is not as good as the baseline. This could
be explained by the algorithm. During each iteration, the algorithm focuses on correcting the error made
by the current estimator by adding a new estimator. As the focus of the latter is to correct the numerical
error, the algorithm does not look to optimize the correlation. These kinds of models are thus by design,
great estimators, but they fail to predict accurately the most important metric in genomic selection: the
correlation.

2.6 Multi-trait regression

This final section will be a little bit different than the previous one, where a different type of algorithm is
used. In this section, we will reuse the Random Forest and the XGBoost models. However, the task will
be slightly different. In the previous section, all models aim to predict a single phenotype. We must then
build a model specialized for every phenotype, which increases the workload. The tuning must be done for
all phenotypes. There is no practical reason that justifies this choice; the input of every model is the same:
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the animals’ genotypes. We will thus train two extra models that will predict all the target phenotypes
in a single run. Instead of outputting a scalar, we will output a vector containing the prediction for all
targeted phenotypes. In this thesis, the targeted phenotypes are the first four phenotypes: the shoulder,
top, and buttock (rear and side). The reason behind this choice was introduced in Section 1.2. Some
phenotypes are missing for a few individuals, but for these first four phenotypes, the individuals of every
set are the same. Choosing to target these four phenotypes allows us to compare the results from the
models built with the multi-trait regression with the ones obtained in the previous sections, as they have
the same learning, validation, and test sets. To avoid any confusion between the models, we will name,
respectively, the Random Forest and the XGBoost model trained on the multi-trait regression problem, as
Multi-RF and Multi-XGB.

2.6.1 Experiments

The hyperparameters are the same as those described in Section 2.2 and Section 2.5, respectively, for
Multi-RF and Multi-XGB. The best model was selected using the sum of correlations of the predictions
from the four phenotypes. This model selection is fair as it does not favor one phenotype against all
others, which was the main criterion for choosing the model selection technique.

One problem that may arise from the multi-trait regression is that the targeted phenotypes do not have
the same variance. Values from Table 1.2 show that the second phenotype has nearly a variance three
to seven times higher than the other ones. Both algorithms use the square loss in their implementation,
which penalizes predictions that are far away from the target value. The risk is that the models try to
focus on the optimization of the phenotypes with a large variance, as these values will be more penalized
by the square loss. To evaluate if this possibility has an impact, we tried to normalize the data by dividing
all phenotypic values by their standard deviation of the phenotype. Table B.2 shows the best summed
correlations for the two algorithms on the validation set. We can see that it improves the prediction for
the Multi-XGB but not for the Multi-RF. The final configuration of Multi-XGB will use normalization. The
impact of normalization in this setup does not lead to big improvements or degradations of the results.
The impact is limited and depends on the algorithm used.

2.6.2 Results and discussion

Table 2.5: Multi-trait models results

(a) Correlation

Shoulder Top Buttock (side) Buttock (rear)

GBLUP (VanRaden) 0.492 0.477 0.507 0.504
Multi-RF 0.378± 0.00132 0.352 ± 0.00075 0.364±0.0025 0.372±0.00222
Multi-XGB 0.436± 0.00274 0.416 ± 0.00256 0.455 ±0.00204 0.440 ± 0.00439

(b) Mean absolute error

Shoulder Top Buttock (side) Buttock (rear)

GBLUP (VanRaden) 1.209 2.421 1.056 1.013
Multi-RF 1.331 ± 0.00056 2.639 ± 0.00124 1.166 ± 0.00066 1.125 ± 0.00065
Multi-XGB 1.380 ± 0.00244 2.611 ± 0.00471 1.104 ± 0.00222 1.089 ± 0.00147

Table 2.5 summarizes the results from the best models. The configuration of these models can be found
in Table A.5. It can be seen that no phenotypes are favored compared to the others. There are no
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phenotypes that perform significantly worse or better than the others for either of the metrics. We can
also see that both models’ performances are worse than those of the baseline.
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Chapter 3

Deep learning methods

3.1 Methodology

This chapter aims to present the different deep learning architectures proposed and evaluated during this
thesis. All models from this section are models trained using the Pytorch Python library [6]. The fact that
we do not follow this interface anymore implies that the training of the model can not just be done with
a single function call that will take care of everything. This section aims to explain the implementation to
ensure the results of the architectures presented in the following section are reproducible.

The model training was performed using the Adam optimizer [58]. The loss function is the mean ab-
solute error. It was decided not to use the classical mean square error, which is used for a majority of
regression problems. The reason behind that choice is that the mean square error is not a metric that
is used in the field of genomic selection. The metric that is used is the Pearson correlation coefficient.
Unfortunately, this metric can not be used as a loss function as it is not decomposable and does not pro-
vide a unique solution. The mean absolute error is the second metric that is most used when comparing
different models. That is why it was used in this work. The duration of the training was set to a maximum
of two hundred epochs, where an epoch is a single iteration on the whole training set. The evaluation
of the model on the validation is performed after every epoch. As the number of epochs required to
reach the optimum depends on the architecture and is often way less than two hundred, an early stopping
mechanism was implemented. If the correlation of the model prediction on the validation set is worse than
95% of the best correlation during fifteen consecutive epochs, then the training is stopped. The loss on
the training set, the loss on the validation set, and the correlation on the validation set were computed at
every epoch and tracked thanks to the weight and bias software [59]. To manage the different configu-
rations easily through YAML files, the Python package hydra [60] was used to ease the development and
the management of the configuration of all experiments. All experiments were performed on a maximum
of 2 Nvidia 2080 Ti with 12 GB of VRAM.

In the next section, many experiments will be performed, but only a single configuration will be selected
and evaluated on the test set. The process of finding and selecting the best configuration is different for
each architecture. To avoid any confusion, the details are explained for every architecture in its section.
As the main objective was to explore the possibility with the given dataset, hyperparameter tuning will not
be performed for every architecture. As the resources are limited, only the best models were tuned in order
to be able to evaluate several different architectures while evaluating if these best models are better than
the current models used in genomic selection. Once the best configuration was selected, the models were
retrained using only the data from the training set before being evaluated on the test set. This extra step
was mandatory as the models of the experiments were not saved. This choice was taken to avoid overload-
ing the storage from the cluster where the models were trained. As a lot of experiments were performed
during the thesis, the management would not have been easy, as it would require constantly tracking the
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best results to manage the instance of the model that must be stored for every phenotype and architecture.
To avoid making mistakes due to errors in the code or due to human errors, it was decided to proceed
in that way. The usage of the Hydra package, GitHub, and the Weight and Bias software enabled us to
track easily the configuration used, such that it becomes very easy to reproduce any performed experiment.

The next sections will present each architecture in turn and the experiments behind each architecture
that were performed. Note that as this thesis aims to be read not only by engineers, the basic concepts
will be explained. These reminders do not claim to be exhaustive, but they cover the main concepts
required to understand the paper and why the architecture is used in this work.

3.2 Multi layer perceptron

The first kind of neural architecture that will be tested is the multi-layer perceptron. Simple but powerful,
these kinds of models are the most basic form of neural network available.

Figure 3.1: MLP with four inputs, five neurons, and three outputs (taken from [5])

Figure 3.1 represents an MLP with a single hidden layer. Every arrow represents a contribution to the
neuron with an associated learnable weight. The equations describing the figure are:

hi = a
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i j xj + b
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i

)
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w
(2)
i j hj + b
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Where w (L)i j is the weight linking neuron j in layer L-1 to neuron i in layer L, b(L)j is the bias associated
to the neuron i of layer L, and a(.) is a non linear function called the activation function. This activation
function is really important and must be nonlinear. Indeed, without it, the model would be a mixture of
linear models. Adding this activation function introduces a small amount of nonlinearity that yields very
powerful results. Indeed, it is proven that when the model has enough hidden neurons, it can approximate
any continuous function [61]. For this reason, it makes sense to begin the exploration of neural-based
methods by using such an architecture as a starting point for the exploration of deep learning models.

As in the literature on genomic selection, we almost only see models with few layers, we will evaluate
two different architectures for the perceptrons: Shallow-MLP and Deep-MLP. Shallow-MLP is a model
with one hidden layer and a ReLU activation function. Figure 3.2 shows the graph of the ReLU function.
It can be seen that the function is almost linear everywhere but at zero. If the input is negative, the
output of the ReLU will be zero, otherwise, the ReLU function does not modify the input.
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Figure 3.2: Graph of the ReLU function (taken from the documentation of [6])

The number of neurons of the hidden layer, also called hidden size, will be a hyperparameter of the
model. Figure 3.1 does represent quite well the Shallow-MLP architecture, with the differences that there
are 36304 inputs and only a single output. This is the simplest architecture possible for a model to evaluate
whether these models perform better than bigger ones, as in the literature. Deep-MLP will be composed
of nine hidden layers with ReLU activation between the layers. The structure is as follows: the first four
layers have a constant hidden size, and the last four layers are half the size of the first four layers. The
middle fifth layer is set to three-fourths of the initial size to smooth the decrease of the hidden size. For
the sake of clarity, Figure 3.3 illustrates this architecture, where every blue rectangle represents a linear
layer with its hidden size. The idea behind this architecture is to have more layers to compare with a
smaller one. Decreasing the layer size progressively when we have several layers is usually a good idea. It
forces, by design, the model to compress the information as there are fewer neurons to store it. Having
only a single decrease enables being as general as possible by putting the minimum constraints on the
choice of the hidden size: any value greater than 2 is suitable for the hidden size.

Figure 3.3: Abstract schematic of the Deep-MLP architecture with an initial hidden size of 1024

3.2.1 Experiments

As the model is very simple, there are few degrees of freedom to try to improve the results. There are only
a few hyperparameters that we can tune on perceptrons. Two experiments were performed on these ar-
chitectures: a test on the impact of normalization and multiple runs to determine suitable hyperparameters.
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The intuition behind the normalization is that the model may struggle to handle the variance in the
chosen phenotypic values from the different examples in the training set. These variances depend a lot
on the chosen phenotype and may decrease the performance of the model. To evaluate that, we run
two instances of Shallow and Deep-MLP on all phenotypes, the first one is trained to predict the raw
phenotypic values, and the second is trained to predict the normalized target. The normalization applied
consists of dividing the target by the standard deviation of the phenotypes without centering the targets.

The results for this experiment can be found in Table B.3 in Appendix B. The obtained correlations
are very similar for all the phenotypes. There is also no clear better option: more or less half models
achieve better results with normalization than without. As the improvement seen is less than one hun-
dredth for the correlation, the conclusion is that normalization of the targets does not increase or decrease
the quality of the results. To simplify the training, the normalization will not be applied for the second
experiment for Shallow-MLP and Deep-MLP.

The second experiment will be related to the hyperparameter tuning of the model. As there are not
many hyperparameters to tune, we do not have lots of degrees of freedom for the choice of the hyperpa-
rameters to tune. In this thesis, the term sweep will refer to the hyperparameter tuning using the Weights
and Biases software. Based on the results of the first sweep, a second one was designed to try bigger
values for the hidden size with a more restricted learning rate range. Note that this second sweep was
only performed on the Shallow-MLP architecture. The selection of the hyperparameters to be tested was
chosen at random from the range of possible values. The number of runs for the sweep was chosen to
be big enough to select at least one time every possible value for every possible hyperparameter. The
first sweep has done 40 runs per phenotype, while the second sweep will perform only 25 runs due to the
smaller parameter range.

Table 3.1: Hyperparameter ranges tested for the MLP models

(a) Values for the first sweep.

Parameters Min Max Step

Learning rate 10−3 10−6 + (10−3−10−6)
10

Hidden size 32 8192 ∗ 2
Dropout 0.05 0.5 + 0.05
Batch size 8 1024 ∗ 2

(b) Values for the second sweep.

Parameters Min Max Step

Learning rate 10−2 5 ∗ 10−4 /
Hidden size 2048 12288 ∗ 2
Dropout 0.2 0.8 + 0.1
Batch size 128 1024 ∗ 2

The four parameters we will optimize for this architecture are the learning rate of the optimizer, the
hidden size, the dropout probability (the probability that an input is randomly set to zero before every
layer during the model training), and the size of the batch during the training of the model. The details
of the values of the different parameters can be found in Table 3.1. The min and max columns are the
bounds for the parameters, the step indicates the operation performed starting from the minimum value
to the maximum one on the previous value to obtain all considered values. In Table 3.1b, the step for the
learning rate is not provided. This is because the considered values are 10−2, 5∗10−3, 10−3, and 5∗10−4.
These values do not have a common step that enables us to describe all the chosen values correctly. The
best performing configurations are chosen by taking the best performing set of hyperparameters on the
validation set. The maximal correlation obtained during every sweep can be found in Table B.4. The
whole configuration selected can be found in the table A.6 and A.7 in the Appendix A.
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3.2.2 Results and discussion

Table 3.2: Results of the MLP architectures on the test set

(a) Correlation

Method Shoulder Top Buttock (side) Buttock (rear) Size Musculature
GBLUP (VanRaden) 0.492 0.477 0.507 0.504 0.490 0.522
Shallow-MLP 0.477 0.464 0.496 0.498 0.425 0.516
Deep-MLP 0.464 0.460 0.500 0.493 0.467 0.507

(b) mean absolute error

Method Shoulder Top Buttock (side) Buttock (rear) Size Musculature

GBLUP (VanRaden) 1.209 2.421 1.056 1.013 5.347 1.100
Shallow-MLP 1.265 2.445 1.060 1.105 5.968 1.114
Deep-MLP 1.236 2.801 1.088 1.061 5.524 1.125

Table 3.2 presents the results in terms of correlation and mean absolute error of the Shallow-MLP model
and the Deep-MLP model. The baseline is also added in order to put the results in the proper context.
The quality of the results for the correlation depends on the phenotypes: for both buttock phenotypes,
we are very close to the results obtained with GBLUP, while the results for the size phenotype are worse
than those from the baseline. It is also worth noting that no MLP model was able to surpass the baseline.

The second interesting fact is that the mean absolute error was never improved by using MLPs. It
could be expected that the correlation is slightly worse, as we did not optimize for the correlation during
the model’s training. The fact that the MLP architectures use some nonlinearities for the prediction does
not seem to help in order to achieve better predictions. Finally, the results show that a low mean abso-
lute error does not imply reaching a high correlation. The top phenotype illustrates that despite having a
mean absolute error more or less 20% higher with the Deep-MLP, it can still reach very similar correlations.

These results could be explained by the fact that the perceptron architecture is not the best choice,
as it takes into account all SNPs of the input for every neuron by definition. In reality, likely, most of the
SNPs do not have any impact on the target phenotype and perturb the prediction by diluting all the useful
information with random ones.

3.3 Locally connected neural network

The locally connected neural network is a custom network that was introduced as part of the paper [7].
Figure 3.4 illustrates the deepGBLUP model: the model presented in the paper [7]. G ∈ Rn×n denotes
the genetic relationship matrices that will be used for the GBLUP, one for the additive effects, one for the
dominance effects, and one for the epistasis effects. The values b̂a,b̂d , and b̂e represent the prediction
of the GBLUP depending on the genetic relationship matrices used. b̂deep is the prediction of the neural
network, and ȳtrain stands for the mean of the phenotype value on the train set. The LCL block stands
for locally connected layer and will be explained later in this section, as this is the idea we will reuse. The
architecture can be split into two parts: the first is the neural network, and the second is the different
GBLUP. The goal of the neural network is to correct the value of the sum of the GBLUP and the mean
ȳtrain. As the neural network is the only non-linear predictor of the architecture and the GBLUP are linear

30



Deep learning methods

Figure 3.4: DeepGBLUP architecture (taken from [7])

models, the idea of the neural network is to learn how to correct the sum of the GBLUP to achieve better
prediction, potentially by leveraging nonlinear interactions of the markers.

This model will not be tested on our dataset as we found several major flaws in the design of the
deepGBLUP architecture. The first major incoherence with the model is linked to the usage of three
types of GBLUP at the same time. The additive, dominance, and epistasis effects are not independent of
each other. The prediction of these effects can not be simply summed together like in the deepGBLUP
model. The GBLUP predictions are not parametric, which means that when performing backpropagation
to update the model weights, the GBLUP predictions are considered as constants. The model is not aware
of this dependence of the GBLUP predictions and can not do anything to mitigate its impact on it. The
second flaw in the deepGBLUP architecture is due to the addition of the mean of the phenotype ȳtrain.
Adding this term makes very little sense. The model is already using the predictions of three different
unbiased models. The mean of the phenotype does not provide any relevant information that was not
provided by the GBLUPs. Furthermore, when we look at the neural network structure, it ends with a fully
connected layer. Using as an example Equation (3.1), we can see the bias term that is independent of the
input. It makes no sense to add the mean ȳtrain directly in the structure when there is already this learnable
bias that will be adapted during the model training anyway. For all these reasons, the deepGBLUP will
not be evaluated as it lacks coherence in its design. However, the authors have introduced an interesting
idea with the locally connected layer in the neural part. This is what we will focus on in the rest of this
section.

The locally connected layer (abbreviated to LCL) is a kind of middle point between the linear layer presented
in the previous section and a convolutional layer. Instead of sharing the weights for all input like in the
convolutional layer, these are now fixed for every position. Figure 3.5 illustrates a small network with two
LCL layers. If we had used a convolutional layer instead of the LCL, we would have had w11 = w14 = w17
and w21 = w23. In a linear layer, we would have a connection between x1 and all hidden neurons, and all
hidden neurons would have a connection with all output neurons. This new layer enables making hidden
neurons only depend on a few close neurons, like the convolutional layer, but without the sharing of the
weights. Figure 3.5 also shows the impact of two hyperparameters of the layer: the kernel size controls
the number of neurons we take into account in the neighborhood, like in a convolutional layer. We are
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Figure 3.5: Illustration of the LCL layer (taken from [7])

thus able to control the number of neurons that are used in the computation. Something that we could
not do with a linear layer, where, by design, all neurons are connected to the ones from the previous
layers. The stride hyperparameter controls the step size of the kernel. We can thus decide if we accept
to use a neuron several times in the computation of the neurons from the next layer (like in the last
layer of Figure 3.5) or not (like in the first layer of Figure 3.5). To summarize, the LCL layer has unique
properties compared to the classical linear and convolutional layers. As its properties look interesting, we
will explore an architecture with this layer in the remainder of this section, and we will reuse the layer in
some experiments in the convolutional models section.

3.3.1 Experiments

Starting from the architecture described in Figure 3.4 with only the neural network, several experiments
were performed to evaluate the best architecture. The parameters modified were the kernel size, the stride,
and the number of LCL layers, the structure of the MLP (number of neurons for each layer, number of
layers). The ReLU activation function was also tried instead of using the GeLU. Dropout layers have been
introduced before every weight layer. Dropout layers are layers that set the inputs with a given probability
to zero during training. This probability is a hyperparameter to tune according to the architecture and
dataset. The addition of such layers prevents overfitting by preventing the model from always looking at
the same features and thus forgetting about the other ones [62]. Figure 3.6 shows the best architecture

Figure 3.6: Architecture of LCLNN
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according to the performed experiments. To avoid any confusion, we will call this model LCLNN (Locally
Connected Layers Neural Network). The best configuration is composed of two LCL layers with a kernel
size, respectively, of 5 and 3 and a stride of 1. The dropout probability is the same for all dropout layers.
Compared to the architecture shown in Figure 3.4, the only differences are the activation function that
changes from the GeLU to the ReLU and the addition of the dropout layers before the two LCL layers.
The structure of the final MLP can be tuned depending on the phenotype: the number of hidden layers
and the number of neurons per layer are not fixed. The experiment shows that one or two layers are the
best-performing number of layers. The activation function used in the MLP is also the ReLU.

Table 3.3: Hyperparameters evaluated for the LCLNN architecture

Parameters Min Max Step

Learning rate 10−5 10−3 -
Hidden size 0 64 2048 ∗ 2
Hidden size 1 0 64 ∗ 2
Dropout 0 0.5 + 0.1

To find the best configuration for every model, a sweep will be performed with the ranges described in
Table 3.3. The step for the learning rate is missing in the table because it is not constant. The tested
values for the learning rate are 10−3, 5∗10−3, 10−4, 5∗10−4 and 10−5. Hidden size 0 refers to the number
of neurons of the first hidden layer of the final MLP. Hidden size 1 refers to the number of neurons of the
second hidden layer. If the hidden size 1 is equal to zero, it means that the MLP is only a one-hidden-layer
MLP instead of a two-layer MLP. The smallest size for the second hidden layer is 2. The maximum value
for the hidden size 1 was chosen to be the minimum size of the hidden size 1 such that the second hidden
layer is never bigger than the first layer. Note that the batch size used was 256 for every phenotype. The
best configuration for every phenotype was chosen among the 30 runs performed with a random choice
of the combination of the hyperparameters to evaluate. These configurations can be found in Table A.8.
Based on these results, a second sweep could have been done, as many best configurations use either
a lower or a higher bound for the parameters, which could indicate the range was not optimal for this
architecture. Unfortunately, this could not be done due to time constraints that would prevent doing a
whole new search for every parameter.

3.3.2 Results and discussion

Table 3.4: LCLNN models results

(a) Correlation

Shoulder Top Buttock (side) Buttock (rear) Size Musculature

GBLUP (VanRaden) 0.492 0.477 0.507 0.504 0.490 0.522
LCLNN 0.464 0.470 0.502 0.498 0.473 0.505

(b) Mean absolute error

Shoulder Top Buttock (side) Buttock (rear) Size Musculature

GBLUP (VanRaden) 1.209 2.421 1.056 1.013 5.347 1.100
LCLNN 1.704 3.085 1.368 1.085 5.394 1.404

Table 3.4 summarizes the results for this model. For the correlation metric, the results are similar or
slightly worse compared to GBLUP. For the mean absolute error, the performance of the LCLNN depends
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a lot on the phenotypes. The gap varies from a few hundredths for the Buttock (rear) phenotype to six
tenths for the top phenotype. Furthermore, the two metrics seem to have very little correlation. If we take
the Top and the Buttock (side) phenotypes, the gap between LCLNN and the baseline is almost equal for
the correlation, but for the mean absolute error, the gap is 0.6 for the Top phenotype against 0.3 for the
Buttock (side). This indicates that the choice of the loss function is not optimal. As we optimize on the
mean absolute error to a local minimum, we would like to also find a local maximum for the correlation.
Maybe the usage of a new type of loss that would have a higher correlation with the correlation metric
could help to find better results, as the local minimum of this new loss function would be closer to a
maximum in the correlation metric.

3.4 ResGS

This section will present the first convolutional neural network (CNN for short). These architectures are
designed to process images by enforcing some specific properties to mimic the way humans see. The three
properties that CNNs enforce are the locality, the invariance to translation, and the hierarchical structure:
the outputs from simple cells are processed by higher-order cells, which are more complex and capable of
extracting information [9]. These properties, called inductive biases, can not be enforced by a modification
of the loss function. These properties should be included in the neural architecture itself. Convolutional
neural networks are the first successful example of neural networks built using inductive biases (the prior
knowledge of the problem) to construct a powerful but specific model.

Figure 3.7: Example of a 1-D convolution (taken from [8])

Let us begin the introduction of the main concepts of a CNN by defining the convolution operation. To
avoid any confusion, we will only present here the one-dimensional convolution, as this is the one we will
use in this thesis. The concept can be expanded to 2-D inputs like images very easily. Figure 3.7 illustrates
the convolution operation. We need a sequence as input and a kernel (called a filter in the figure). The
convolution consists of multiplying the input element-wise with the kernel and then summing the elements
to find the convolved results. This operation can be done again by shifting the kernel by a defined step
size (called the stride). The mathematical definition of the convolution is [9]:

x⊛ k[i ] =
w−1∑
m=0

xm+ikm (3.2)

Where x ∈ Rn is the input sequence, and k ∈ Rw . The resulting vector x⊛k will contain exactly n−w +1
elements. Note that Equation (3.2) defines the cross-correlation operation, but this is the operation called
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convolution in the machine learning field. This operation satisfies the locality inductive bias. The result
only takes into account w values from the input, where w is the size of the kernel. The convolution is also
equivariant to translation: if the input is shifted, then the output is also shifted by the same amount. This
is because the weights of the kernel do not depend on the position of the input, as they are shared for the
whole input. We can expand Equation (3.2) such that k and x do not necessarily contain a single kernel
or a single input. In this thesis, instead of dealing with vectors, we will deal with matrices. The number of
kernels/inputs is called the channels. The application of several kernels may help later to construct more
complex, higher-order features. Having more than one input enables having more complex inputs. The
most well-known example of channels is the colored images. A grayscale image has only one channel, the
nuance of gray of each pixel. A colored image is composed of three channels of the size of the image
that define the intensity of the red, green, and blue colors, enabling it to have a much more complex color
scheme than a single-channel grayscale image.

Figure 3.8: Example of 1-D max pooling (taken from [9])

To satisfy the remaining properties, we need to introduce the pooling operation. The goal of this operation
is to reduce the size of the input to be able to introduce a hierarchical structure and to ensure invariance
to translations. There are two types of pooling: the max pool and the average pool. Figure 3.8 illustrates
an example of the max pool operation. First, we define a size for the pooling and delimitate the input of
non-overlapping regions of the given size (in Figure 3.8, the size is equal to three). Then, for every region,
we performed the aggregation operation. In this example, we take the maximum value of all values in the
region. If we had used the average pooling, we would have taken the mean of the values of the region.
Such an aggregating operation reduces the size of the input by a factor equal to the size of the pooling.
This compresses the information and enables building a hierarchical structure by alternating convolutional
layers with pooling layers. This operation also provides local invariance within the regions: whatever the
ordering of the value, the results of the max operation or average operation will still be the same. This
does not lead to a total invariance to translation, but it is considered enough for our problems.

As shown in Section 1.4, these types of architectures were tested as it is for genomic selection. How-
ever, when we use architectures built with inductive biases, it is important to verify that these biases are
coherent with the problem we want to solve. As we have little information on how the genes impact
the phenotypes, the hierarchical structure hypothesis is neither confirmed nor denied. Using hierarchical
architectures may help to find answers according to the results. For the locality hypothesis, there are no
indications that the markers important for a phenotype are close to each other, but testing this hypothesis
may be interesting to evaluate if this is true or false for the studied phenotypes. For the invariance to
translation, this bias does not make much sense for the genomic selection problem. Let us remember that
the sequence used as input is the SNP markers of an individual. If the marker’s values are shifted between
two individuals, it means that these individuals are completely different and should not be considered equal
by the model. This questions the usage of the pooling layers, which introduce this translation invariance
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in the architecture. However, we still need a reduction method to be able to use a hierarchical structure.

Figure 3.9: Comparison of a strided convolution and pooling operations (taken from [10])

An idea is to use a strided convolution instead of a pooling layer [10]. The size of the pooling is equal to
the size of the kernel and the step size (the stride parameter in the Pytorch implementation). Figure 3.9
compares the three methods. It can be seen that for the pooling methods, the position of the markers
does not matter, but for the strided convolution, it is not the case because the markers are multiplied by
the kernel values. If those are different, then the marker position matters, which destroys the invariance
to the translation while still reducing the size of the input.

(a) Residual block (b) Strided block (c) Residual unit (d) Full architecture

Figure 3.10: Illustration of ResGS architecture (taken from [10])

The ResGS architecture was proposed in the paper [10] to test if the pooling layer has a bad impact on
the model predictions. Another advantage is that the proposed architecture is composed of many layers
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and uses residual connections. Testing this architecture will also enable us to test whether the residuals
link combined with many layers can perform well. Figure 3.10 illustrates the architecture with an abstract
block view. As the proposed architecture was more than 35 layers deep, it would have been impractical to
reproduce the full architecture on a single figure. Figures 3.10a and 3.10b are the basic building blocks of
the architecture. The strided block is the same as the residual block but without the residual connection.
This block will be used to reduce the dimension of the input. Figure 3.10c is an intermediate building
block composed of the previous building block. As the stride parameter is equal to two in the first block,
the residual unit begins by reducing the size of the input by a factor of 2. The second strided block has
a kernel size of one and aims to adjust the number of channels to the targeted value. Finally, the full
architecture proposed in the paper is defined in Figure 3.10d. Between the last fully connected layer and
the MLP, there is a convolutional layer that is used to update the number of channels of the intermediate
results to control the size of the input layer of the MLP, whatever the number of residual blocks. The
targeted input size was 6400 in the proposed architecture. Because this parameter was considered crucial
by the authors, several values were tested during the hyperparameter tuning to find the most appropriate
value for our dataset.

3.4.1 Experiments

The first experiment consists in defining the best number of residual units. Models with 4, 8, and 11
residual units were tested, and it was the model with 11 residual units that performed the best. Note
that it was not possible to test adding more residual units without changing the structure. Indeed, as we
divide the size of the inputs by two at each iteration, it is not possible to add more layers, as it would
shrink the input to a value smaller than the kernel size. The second experiment aimed to expand the
MLP at the end of the model. The impact of the addition of a dropout and of the addition of a hidden
layer where considered. The last experiment was about the choice of the strided convolution to reduce
the input size in the architecture. One big flaw of paper [10] is that the authors claim their solution is
better than using max pooling layers, but no experiment was performed to validate the claim. This test
will thus be performed in this thesis. We will consider three models: the first will be as defined in the
paper (and then use the strided convolution), the second will be the max pooling, and the third will use
a strided LCL layer. Using the same kernel for all positions may not be the best solution, and the LCL
provides an alternative that has weights that depend on the position. The only problem is that we have to
reduce the number of output channels when using the LCL layers as the model has more than 2,6 billion
parameters instead of a few tens of millions, which makes it impossible to run on the available hardware.
The number of channel layers was reduced to the biggest values that would fit in the hardware normally
assigned to the ResGS model, and it still has more than 4 times more parameters than the first model
that uses the strided convolution. Note that the three models did not follow the training procedure from
the following subsection; the models are trained to predict the whole phenotype, like all models presented
in the previous section of the report.

Table B.5 summarizes all results from the three models. As the implementation of the LCL layers was
based on the code of [7] and expanded with the help of [5], the implementation of this third model is
very slow, as it is not optimized. As a consequence, the model was only trained on the first phenotype.
Results show that the model that used the strided convolution performed way better than the max pooling.
This indicates that the architecture is penalized when using the max pooling. This is very important as it
questions all CNN architectures from the literature that use max pooling. Their model may be constrained
by the usage of max pooling, and a well-performing CNN may be improved by using strided convolutions
instead. For the LCL, the performance is similar to the one obtained with the usage of max pooling. It
is not possible to draw any conclusion based only on these results. Maybe it is caused by a lack of data
(as the model has four times more parameters, the size of the dataset may be insufficient to train the
model efficiently. The reduction of the number of channels caused by the explosion of the number of
parameters could also explain the performance: the reduction is too big, with a loss of information due to
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the compression in the few channels. All these are only hypotheses that may be worth exploring to better
understand how the architecture interacts with the dataset.

3.4.2 Training procedure

[10] also introduced a different training procedure. Instead of using the phenotypic value as the target to
learn, this model follows a two-stage training. The first stage consists in selecting the best model from
the following algorithms: ridge regression, SVM, random forest, and Gradient boosting (an alternative
implementation of the algorithm of XGBoost). These models are trained on the phenotypic value, like
the ones presented in the previous chapter. The best of the four models is selected to be used in the
second stage. It will consist of training the ResGS architecture to predict the error made in the first
stage. The final prediction will be composed of the prediction from the first model + the prediction of
the ResGS model. Instead of training the neural network to predict the phenotype, it is trained to predict
the residual phenotypic value from the chosen model in the first phase. In this thesis, we will replicate
the defined training pipeline but with a small adjustment. In the first phase, instead of choosing the best
model, we will directly choose the ridge regression model. The reason behind that choice is that the ridge
regression model is the only linear model of the four proposed in the paper. We can justify using the
ResGS in the second phase to account for the non-linear effects that the ridge regression may not have
been able to predict. For the nonlinear model, the usage of the ResGS for the second phase assumes the
ResGS is a better predictor than the one used in the first phase, which should have been proved before
proposing this training pipeline. As we have no prior indication that an algorithm should perform better
than another one, using such algorithms is not justified. The hyperparameters for the ridge model used in
the training of the ResGS are the ones defined in Table A.2 from the experiments explained in Section 2.3.

The impact of this new training procedure was tested. Table B.6 summarizes the results. The line
"whole phenotype" means that the target is the phenotype value, while the line "with residuals" means
that the ResGS model is trained on the residual from the ridge model. The results are very clear: the
training pipeline gives way better results than without. We will thus continue using this training pipeline
to train the ResGS model.

3.4.3 Hyperparameters

Table 3.5: Hyperparameters range for the ResGS model

Parameters Min Max Step

Learning rate 10−5 10−2 /
Hidden size 32 2048 ∗ 2
Dropout 0.1 0.4 + 0.05
Target size 2400 12400 + 2000

Concerning the model hyperparameters: Most of the hyperparameters that were not discussed in this
paper were taken from [10]. The hyperparameters chosen to be tuned and their values are defined in
Table 3.5. The step for the learning rate is missing in the table because it is not constant. The tested
values for the learning rate are 10−2, 5 ∗ 10−3, 10−3, 5 ∗ 10−4 and 10−5. To be coherent, the value 10−4

should have been included, but was missing due to an error in the configuration file. The hidden side refers
to the number of neurons in the hidden layer of the MLP at the end of the model. The biggest value
for the hidden size is set to be bigger than the smallest possible value for the target size hyperparameter.
Dropout layers that are affected by the dropout probability are only present in the MLP. The target size
refers to the targeted number of input neurons after all the convolutional layers. The range was defined
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to try a widespread range of values centered on the default value provided in the paper [10]: 6400. The
hyperparameters were selected at random for every run of the sweep. The number of runs performed
for the tuning was set to 20, but in practice, only 16 were made for the size phenotype and 14 for the
musculature phenotype due to a timeout occurring in the scripts. The value 20 was chosen based on the
maximum range for the hyperparameter, such that the random search selects at least every possible value.
The best configuration is defined in Table A.9.

3.4.4 Results and discussion

Table 3.6: ResGS models results

(a) Correlation

Shoulder Top Buttock (side) Buttock (rear) Size Musculature

GBLUP (VanRaden) 0.492 0.477 0.507 0.504 0.490 0.522
ResGS 0.482 0.477 0.505 0.497 0.492 0.525

(b) Mean absolute error

Shoulder Top Buttock (side) Buttock (rear) Size Musculature

GBLUP (VanRaden) 1.209 2.421 1.056 1.013 5.347 1.100
ResGS 1.209 2.409 1.057 1.015 5.349 1.105

Table 3.6 summarizes the results from the ResGS models. For both metrics, the performance of the ResGS
is similar to that of GBLUP. Some improvement can even be observed. For the size and musculature
phenotypes, the ResGS is better and achieves the same results up to three digits for the top phenotype.
For the mean absolute error of the ResGS predictions, only the one for the top phenotype is lower than
that one from the baseline. ResGS is not way worse or better than the baseline, but both models have
very similar results. The results are too close to claim the ResGS is better or worse than the GBLUP.

3.5 Custom ResNet

The ResNet architecture is one of the most common CNN architectures [63]. This architecture showed
very good results on the image classification task and became one of the default architectures for a CNN.
The architecture used in this thesis will be inspired by the ResNet one, but some modifications will be
performed. The next section will introduce the ResNet architecture as proposed in the original paper.
The modifications made to the original architecture and the experiments performed on the models will be
detailed in Section 3.5.2. The final section will describe the results of the best-performing models using
the proposed architecture.

3.5.1 ResNet: introduction

Figure 3.11 illustrates the ResNet architecture. Like in the previous section, we have a residual block shown
in Figure 3.11a. The difference with the ResGS residual block presented in Figure 3.10a is that instead of
having one convolutional layer before the summation with the residual link, we have two convolutions. The
equivalent strided block of the ResGS (shown in Figure 3.10b) is shown in Figure 3.11b. In the ResNet,
the first convolution layers double the number of input channels and divide the size of the input by two
via the usage of a stride of two. The number of channels is then kept constant. Unlike in the ResGS,
this block is also a residual one, there is a need for a convolution with a kernel of size one to adjust the
number of channels such that the dimensions are the same when we add the residual link with the output
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(a) Residual block (b) Reduction block

(c) Full architecture of ResNet-18

Figure 3.11: Illustration of ResNet architecture (taken from [5])

of the block. Finally, Figure 3.11c shows the full architecture of a ResNet. The architecture of the figure
is designated as ResNet-18, as there are a total of 18 convolutional layers in this architecture. Note that
there are no reduction blocks before the first residual units, as the max pooling already has a stride of 2
that reduces the size of the input. There is thus no need for a reduction there. The ResNet architecture
is very modular, as it is very easy to modify. The two main ways to modify the model are by updating the
number of residual blocks after a reduction block. In this example, we have two residual blocks after the
first reduction and only one after the next reduction block. The second option is to update the number of
reduction blocks. In ResNet-18, we have four reductions, but we can imagine using fewer reductions. Note
that in the paper [63], they proposed several architectures, and none of them has more than four reduction
blocks as their inputs were small, and adding more reduction layers could compress the information too
much. This subsection has presented the architecture proposed in the paper [63]; the modifications and
experiments done in this thesis will be explained in the next subsection.

3.5.2 Modifications and experiments

Table 3.7: Summary table of our ResNet architecture variations.

Architecture 1 2 3 4 5

Residual block 2 1 2 2 3
Reduction block 1 - 1 2 2 4
Reduction block 2 - 1 - 2 6
Reduction block 3 - 1 - 2 3
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The goal of this architecture is to test a second CNN architecture. Based on the results from Table
B.4, where the smaller model performed better than the bigger one, and the fact that ResGS is a very
complex model, this second architecture aims to investigate the impact of a smaller CNN. This architec-
ture will not be a ResNet like presented in [10] but a custom one. However, we will still call these models
ResNet at the end of this document.

The main difference is that we will only consider four blocks in the architecture to reduce the size of
the model. The first block will be a residual block (like described in Figure 3.11a) as we keep the same
structure before the first block. This first block will be followed by at most three reduction blocks, depend-
ing on the architecture. To play with the size of the model, we will change the number of convolutional
layers inside the block. Table 3.7 shows the five variations used during this thesis. The value stores the
number of convolutional layers in each block. Note that for the reduction blocks, the convolutional layer
that reduces the size of the input is not included in the table. The base architecture is the fourth and
the fifth. The chosen values are based on the number of blocks from ResNet 18 and 34. Architectures 1,
2, and 3 are smaller variation that plays on the number of convolutional layers per block and the number
of reduction blocks of the model. The number of channels and the kernel size are the same as the ones
described in the paper [63].

The first main experience done with this architecture was to test the impact of the max pooling on
the model’s performance. To do so, we will test three different aggregation versions. The first one will
use the max and average pool, as described in Figure 3.11c. The second will use a strided convolution
instead of the max pooling with a kernel of size three, like the max pool and the average pool will be
replaced by a convolutional layer of a kernel of size one and a single output channel. The third and last
version will use the same strided convolution as in the second version to replace the max pooling, but the
average pool will be replaced by an LCL layer with a kernel of size one and a single output channel. Only
the average pooling layer will be replaced by the LCL to avoid an explosion of the number of parameters,
like the one observed with the ResGS models. These three aggregation versions will be called, respectively,
pooling, strided, and strided + LCL in the Table B.7 that summarizes the results obtained using the fourth
and the fifth architecture described in Table 3.7. We can observe that the strided aggregation performs
better than the other two aggregations in both tested architectures. The strided + LCL aggregation yields
slightly better results in some phenotypes than the pooling aggregation, and was not tested using the fifth
architecture. These results are similar to the ones obtained with the ResGS model: they indicate that the
usage of pooling layers decreases the quality of CNN when applied to genomic selection.

The second experiment aimed to study the impact of the encoding of the genotype. Two encoding
versions were developed. Both begin to encode the genotype with one-hot encoding and then flatten the
result to obtain a big vector of 36304 ∗ 3 = 108.912 values. The first encoding, called convolutional, will
apply a convolutional layer with a kernel of size 3 and a stride of 3 to obtain a final vector of size 36304.
As the kernel weights are shared and the input is a one-hot vector, the result of the encoding consists of
modifying the 0,1,2 values by the learned kernel weights. It will enable us to evaluate if the fact that the
input was fixed to 0, 1, or 2 influences the results. The second encoding, called LCL, will use an LCL
layer instead of a convolutional layer. This will avoid the sharing of the weight: the resulting vector will
not be composed of only 3 values, like in the convolutional encoding, but each marker will have its own
set of possible values. It will enable giving more or less weight to some markers where this is not possible
with the convolutional encoding. The fourth architecture with the strided reduction method will be used
to compare the impact of the encoding. Table B.8 summarizes the results. It shows that the usage of
the encoding does not improve the results of the models, indicating that the initial encoding does not
negatively impact the performance of the model.
The third big experiment performed was the usage of learning rate schedulers. Learning rate schedulers
are used to update the learning rate based on a given policy. For the ResNet architecture, the best model
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Figure 3.12: Illustration of the two learning rate scheduling policy tested

was obtained after very few epochs. The idea of the experiment was to use a linear learning rate sched-
uler to gradually increase the learning rate in the first epochs to slow the training to avoid making too
big updates. The idea of this experiment came from [47]. Figure 3.12 shows the different learning rate
schedulers we have used in this thesis. The first one, called LinearLR, increases the learning rate from
10−7 to 10−4 in 20 epochs and then keeps the learning rate constant. The final value is 10−4 as it is the
chosen learning rate for the architecture. The second one, called LinearLR_40, has the same start and
end value but is slower as it will take 40 epochs to reach the maximum value. The usage of learning rate
helped to achieve better performance, as the best models for three out of six phenotypes will be trained
with one of the presented learning rate schedulers.

Finally, some smaller experiments were performed. Like in the previous architectures, some experiments
were made on the ending MLP with the addition of a hidden layer of various sizes. To prevent the model
from overfitting too much, the introduction of a nonzero weight is introduced to the Adam optimizer. To
do so, we used the AdamW optimizer that modifies the Adam optimizer to properly include the weight
decay [64].

The best results obtained during the experiments are summarized in Table B.9. As the results are not as
good as the previous architectures, no hyperparameter tuning was performed on this architecture. For all
architectures, the weight decay was set to 10−4, the strided aggregation was used, and the best architec-
ture was architecture one from Table 3.7. The best configuration only differs in the number of neurons
of the hidden layer for the MLP at the end of the model and the learning rate scheduler used during the
training. The values used for every phenotype can be found in Table A.10.

3.5.3 Results and discussion

Table 3.8 summarizes the results from the best configurations. For the mean absolute error, it can be
seen that the architecture results are very close to those of the baseline, except for the size phenotype,
where there is a huge gap. When we look at the correlation metric, we can see that the results are not
as close as those from the mean absolute error. For the size phenotype, despite the gap in the mean
absolute error, we do not observe that the correlation is worse than for other phenotypes. In conclusion,
the ResNet architectures failed to achieve better or similar results than the baseline.
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Table 3.8: ResNet models results

(a) Correlation

Shoulder Top Buttock (side) Buttock (rear) Size Musculature

GBLUP (VanRaden) 0.492 0.477 0.507 0.504 0.490 0.522
ResNet 0.435 0.427 0.475 0.450 0.437 0.471

(b) Mean absolute error

Shoulder Top Buttock (side) Buttock (rear) Size Musculature

GBLUP (VanRaden) 1.209 2.421 1.056 1.013 5.347 1.100
ResNet 1.289 2.483 1.077 1.061 6.055 1.155

Figure 3.13: Illustration of the attention operation (taken from [5])

3.6 GPTransformer

Transformers are the third big family of neural architecture that became very popular since its introduction
in [47]. This section will briefly introduce transformers in the next subsection. Then the modification made
to the models will be presented along with the experiments done during this thesis.

3.6.1 Transformers: introduction

The basic concept used in transformers is self-attention. Figure 3.13 illustrates the attention operation.
The query, keys, and values are sequences used as inputs to the operation. In the specific case of self-
attention, these three sequences are the same sequence. The keys and the query are the input of an
attention scoring function. In this thesis, the only function we will consider is the scaled dot product
attention. Let be K ∈ Rnk×d the keys matrix,Q ∈ Rnq×d the query matrix, and V ∈ Rnv×d the value
matrix. nk , nq, and nv respectively express the length of the keys, query, and values sequences. d is
the size of a single element of the sequence. The equation (3.3) expresses the formulation of the scaled
dot-product attention:

a(K,Q) =
KQT√
d

(3.3)
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The dot product is a measure of similarity between the keys and the query. The closer the vectors, the
bigger the dot product will be. The results of this function are then normalized by the softmax operation
to provide the attention weights. These are then multiplied by the value to provide the output of the
attention operation. The mathematical equation of scaled dot-product attention is :

Y = Sof tmax
(

KQT√
d

)
V (3.4)

The scaling by a factor
√
d avoids that the dot-product takes too big values when d is large. If the values

are too large, the gradient of the softmax of the dot product will be too small, which will impact the
training negatively. [47] proposed an example to illustrate this problem that justifies the scaling: if K and
Q are independent variables with zero means and unit variance. The dot product will have a zero mean but
a variance equal to d. Equation (3.4) is very similar to that of a linear layer: y =Wx. Instead of having
a fixed set of weights, the attention operation computes them based on the keys and the query, which
enables it to adapt to the input sequence. However, the transformer architecture does not use the scaled
dot-product attention like introduced here. It uses what is called multi-head attention. Let hi ∀i ∈ [1, N]
the i th head, its definition is:

Hi = f (Wi
qQ,W

i
kK,W

i
vV)

Where f is the scaled dot product attention and Wi
q, Wi

k , and Wi
v are the weight matrices of the head i

associated respectively to the query, the keys and the values. All the head results hi are then concatenated
and multiplied by a final weight matrix to produce the final output. To summarize, the multi-head atten-
tion has several head that each performs the attention operation. It enables focusing on several different
properties for a given input, which helps to create complex models.

It is also very important to mention the major disadvantage of the scaled dot-product attention: its
time complexity. In Equation (3.4), there are two matrix multiplications: the first computes KQT , which
creates a n × n matrix. The second matrix multiplication multiply this previous matrix with V. The
complexity of the attention is O(n2d). This quadratic complexity in function of n is a problem. In this
thesis, the sequence length is very big: 36304 markers. The attention operation will thus be slower than
the other architectures, which will prevent us from doing as many experiments as we wanted.

Figure 3.14: Decoder only transformer architecture (taken from [11])

The architecture we will use in this thesis is the decoder-only transformer. Figure 3.14 shows the details

44



Deep learning methods

of the architecture. Like most of the previous architectures, transformers are composed of several blocks.
Each block is composed of two parts: the multi-attention part and the MLP part. These two parts follow
a residual structure: after each layer, the residual link and the layer output are recombined before the
next part. The input embedding layer is used to convert the discrete elements of the sequences (here
0, 1, or 2) to vectors of the size d , called embedding. If the embedding does not take into account
the position of the element, we add a positional encoding to the embedding. As the whole sequence is
processed at the same time, the model does not have any information about the position of each element.
The positional encoding is used to solve this problem. In this thesis, we will use the sinusoidal positional
encoding proposed in [47]. Let X ∈ Rn×d represent the n embeddings of size d of the elements of the
sequence: the sinusoidal positional encoding P ∈ Rn×d is defined by:

pi ,2j = sin

(
i

10000
2j
d

)
pi ,2j+1 = cos

(
i

10000
2j
d

)
Where pi ,2j is the element of the i th and 2j column of the P matrix. The output of the input embedding
block is then defined as X+ P.

3.6.2 Input embeddings and architecture definition

As a starting point, we will use the hyperparameters from [11]. It uses two transformer blocks. For each
block, the multi-head attention is set to have two heads, and the feed-forward block is a one-hidden-layer
MLP with 256 neurons in the hidden layer. In this paper, they use a feature selection method called mutual
information on the whole dataset to reduce the number of markers considered for the training and thus
avoid the problem described in the previous section. A high mutual information means a high dependency
of the phenotype value on the markers. If the mutual information is zero, then the marker and the pheno-
type value are independent. The threshold value was set to 0.02 in the paper. Using the implementation
from scikit learn [49], this threshold reduced the number of markers to more or less 2000 markers. As the
reduction seems satisfactory, this threshold was kept in this thesis. Reusing the mutual information will
also enable us to evaluate the impact of feature selection on the predictions. Other hyperparameters are
chosen to be similar to those from the model of [11].

The input embedding is a key layer of the transformer as it defines how the input is transformed be-
fore entering the model. Learning how to define the best embedding layer is then very important, as
a bad choice will decrease the performance of the model. In this thesis, we will consider five different
types of input embeddings. Two of them were proposed in the paper [11]. The first one uses a linear
layer. These layers have n input neurons, one for every selected marker, and n*d output neurons. This
vector is then reshaped to form a matrix with n rows and d columns. Note that the paper centers the
encoding for the genotype: instead of using 0, 1, and 2, the values are set to -1, 0, and 1. We will
call this embedding type the categorical one. The second input embedding (named the frequency em-
bedding in this work) still uses the linear layer, but instead of encoding the values to -1, 0, and 1. They
will use a different encoding based on the minor allele frequency already introduced in Section 1.3. The
values for the marker i will be (1 − pi)2, 2pi(1 − pi), and p2i . The encoding will use the probability of
the SNP at locus i. According to the paper [11], this encoding improves the results as it avoids using zero.

Figure 3.15 illustrates the categorical encoding explained before. The authors claimed that in the output
neuron, the weights of the input neurons encoded as 0 are not taken into account in the computation.
They have introduced the frequency embedding to avoid having zeros in the encoding. Indeed, the prob-
ability pi will never be zero. If this is the case, it means that either pi or 1 − pi is equal to zero, and
the locus would not be a SNP, as there would only be a single allele. The results of their experiments
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Figure 3.15: Illustration of the categorical encoding (taken from [11])

show that the alternative encoding leads to better results on their dataset. In this thesis, we will redo
the experiment to see if their claim is still valid using another dataset. Note that as a linear layer is used,
there is no need to include a positional encoding. Indeed, each neuron has its own set of weights, and the
generated embeddings will take into account the position of the markers. A major drawback of using a
linear layer is that the number of parameters is quadratic with respect to the sequence length. There are
exactly n2d parameters. These methods work because they are combined with the mutual information
feature selection. It would not be possible to use this method with the 36304 markers available, as 363042

is already equal to more than 1.3 billion, which is impossible to train with the available hardware. It also
restricts the possible size of the embeddings, as increasing the embedding dimension of one will create
more than 4 million extra parameters to train.

We will also consider two more embeddings. The third one is the one-hot encoding: the 0, 1, and 2
values will be encoded respectively as [1,0,0], [0,1,0], and [0,0,1]. The one-hot embedding does not use
any parameters to produce the embedding, with the drawback that the embedding dimension is fixed to
three. Unlike the previous embedding methods, the embedding dimension is fixed and cannot be modified.
The implementation of the multi-head attention of Pytorch [6] requires modifying the number of heads,
as it is required that the embedding dimension d is divisible by the number of heads. Therefore, it was
decided to increase the number of heads to three when using the one-hot encoding.

Figure 3.16: Illustration of the different steps of the tokenization

The fourth and last embedding method is the tokenization one proposed in [65]. Tokenization is a
common technique used when dealing with texts as input. It consists of splitting the text into smaller
parts, like letters or words, to ease the analysis. But tokenization can not be applied directly to our input
data. Figure 3.16 illustrates the three steps we performed to obtain the input of the fourth method. The
first step consists of grouping the markers by a defined size that we will call the token size ts. We will
group markers in groups of eight, as the number of markers is divisible by eight. Note that in the example
of Figure 3.16, the token size is set to four to have more tokens in the figure. The second step, the
conversion, is an optional step that modifies the value of the markers. In the paper, they introduce the
following conversion: if the marker is 0 or 2, we change the value by the upper letter of the nucleotide that
appears in the genotype. This data is available in the .bim file provided alongside the main .bed file. If
the marker is one, then we change it to X. In [65], only a small fraction of the SNPs of their dataset were
heterozygous. They have decided to combine all possible combinations in a single letter to avoid creating
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tokens that are very rare in the dataset they have used. This hypothesis is not true for the dataset used
in this thesis, as more or less 30% of the markers are heterozygous. When encountering those tokens, the
prediction would be degraded as the associated embedding would be closer to the random initialization
than to its optimal value, as there were few updates by the backpropagation due to the shallow presence
of the token. We define the vocabulary size vs as the number of possible values for every marker after
the conversion. In this case, we have A, C, T, G, and X, which makes a vocabulary size of five. The third
and final step of the tokenization is the encoding. We define a value function v . This function assigns a
different value to every marker, and the output of the function is between 0 and vs - 1. In the example
of Figure 3.16, we have assigned v(A) = 0, v(C) = 1, v(G) = 2, v(T) = 3, and v(X) = 4. The formula
of the encoding is:

encoding(t) =
ts−1∑
i=0

v(ti) ∗ vs i (3.5)

Where ti is the value at position i on the group t. Let us take as an example the first token of the Figure
3.16: ACXG. The application of Equation (3.5) would give:

0 ∗ 53 + 1 ∗ 52 + 4 ∗ 5 + 2 = 47

This procedure ensures that every token has a different encoding. The number of tokens t is computed
by the formula vsts . This tokenization of the sequences is precomputed to save time when training the
models. The input embedding of the GPTransformer consists of a lookup in the matrix of Embedding
∈ Rt×d . Each row i contains the embedding for the token i. Note that the positional embedding is neces-
sary in this case, as the embedding does not take into account the position of the token in the sequence.
This method presents some advantages. The first is that we can scale the embedding dimension to much
bigger values than when using a linear layer. Indeed, when we increase the embedding dimension of one,
we only create 58 = 390625 more parameters, which is ten times less than for the linear layer. The second
advantage is that tokenization reduces by design the size of the sequences by a factor equal to the token
size, as we group all these markers in a single value. There is thus no need to use the mutual information
feature selection in this case.

The fifth and final type of embedding uses the embedding table but does not process the input in tokens.
The embedding table will simply have three embeddings, one for each possible marker value. As the
content of the embedding is updated thanks to backpropagation, this last embedding type is named the
learned embedding method. It shares the same advantages as the tokenization method, but the sequence
size is not reduced in this case, and the feature selection using the mutual information is used instead.

3.6.3 Experiments

For every embedding technique, we have tried several modifications. For the methods where it was possi-
ble, we tried to increase the size of the embedding to verify that the default values were not the bottleneck
of the performance. A hidden layer of size 1024 was added at the end of the model before the output neu-
ron to enable making more complex computations based on the output of the transformer block. Dropout
was introduced to avoid the overfitting of the model. The value for the dropout was set to 0.25. The
impact of the usage of AdamW and a weight decay of 5∗10−4 was also tried in the same setup as the one
developed for the ResNet model. We also have to train the models using the mean square error instead
of the mean absolute error. Table B.10 summarizes the results obtained by the best GPTransformer
models. Like in the previous section on the ResNet, the model’s performance was not as good as the best
neural network trained during this thesis, it was decided not to perform hyperparameter tuning on this
architecture. The final configuration for a phenotype was chosen by taking the model that achieved the
maximum correlation. Table A.11 shows the hyperparameters that vary across the phenotypes.
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This table gives us information about the best embedding choice. The one-hot encoding and the learned
embeddings are the only embedding types that are never used in the best configuration, and the tok-
enization is only used for the size phenotype. These three methods are the ones that use the classical
embedding methods, while for the categorical and frequency embedding types, they used a linear layer,
which is rarely used when using transformers. It makes sense that the methods developed for natural
language processing do not work well with our dataset, as SNPs are not words, and a genotype is not a
sentence. New embedding methods tailored for the input may increase the results to surpass the GBLUP
model. This is very important as a bad embedding may have a non-negligible impact on the quality of
the results. The performance of transformer-based architecture can only be correctly evaluated when the
question of the embedding is properly tackled.

Table A.11 also analyzes the claim made in [11] that the frequency embedding yields better results in
almost every phenotype compared to the categorical one. The frequency embedding is only used for the
shoulder phenotype, while the categorical embedding is used for four phenotypes, which is not the behavior
in the paper. The models can use the information from the heterozygous markers through the bias term
of the expression. Figure 3.15 is misleading as it does not show the bias term, which can be defined in
this case as the value of the neuron when all markers are heterozygous. The model will use the weights
to learn how to correct the effect of having a homozygous marker for the locus, which can explain why
the categorical embeddings still perform well even if the heterozygous markers are encoded as zeros. Note
that this result is also coherent with the results obtained by using a convolution layer to encode the value
in Section 3.5. It seems that there is no need to recode the markers and that the original encoding is used
more effectively by the models.

3.6.4 Results and discussion

Table 3.9: GPTransformer models results

(a) Correlation

Shoulder Top Buttock (side) Buttock (rear) Size Musculature

GBLUP (VanRaden) 0.492 0.477 0.507 0.504 0.490 0.522
GPTransformer 0.415 0.370 0.453 0.452 0.312 0.450

(b) Mean absolute error

Shoulder Top Buttock (side) Buttock (rear) Size Musculature

GBLUP (VanRaden) 1.209 2.421 1.056 1.013 5.347 1.100
GPTransformer 1.262 2.589 1.088 1.060 5.894 1.187

Table 3.9 summarizes the results for the best-performing configuration of the GPTransformer architecture.
For the correlation metrics, we can see that the performance of the GPTransformer is very poor in
comparison to the baseline. For the mean absolute error metric, we can see that the performances are
closer to the one from the baseline, except for the size phenotype, where the gap is bigger than for the
other phenotypes. However, we can also see that the gap is bigger for the correlation metric. When
we look at the gap between the baseline and the GPTransformer, it seems that it is proportional to the
variance of the phenotype (found in Table 1.2). The phenotypes with the biggest variances are the Size,
the Top, and the Shoulder phenotypes. These are also the phenotypes with the biggest gap for the
correlation metric. Based on this observation, an experiment could be done to try the impact of the
normalization of the phenotypes on the performance of the GPTransformer model.
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3.7 GPTransformer2

The second architecture was initially proposed in [65]. It was decided to call it GPTransformer2 as it can
be seen as an update of the previous GPTransformer architecture. Unlike the other sections, this one
will focus on studying different variations of the tokenization. Doing so will help to better understand if
applying this method to SNP markers is suitable. The next subsection will present the modification in the
GPTransformer architecture, and then present the different modifications proposed.

3.7.1 From GPTransformer to GPTransformer2

The main modification introduced with the GPTransformer2 was the introduction of a linear layer between
the last transformer block and the MLP that produces the prediction. The goal of this layer is to reduce
the embedding dimension to reduce the number of inputs of the MLP. In the paper, we have taken the
values from [65] for the embedding size: 32, and this linear layer has 2 output neurons. The number of
inputs of the MLP is now independent of the embedding size and is sixteen times smaller when compared
to the GPTransformer architecture. This MLP also has a different structure compared to the GPTrans-
former. It has two hidden layers with 512 and 128 neurons.

The second main modification was the introduction of random masking. It consists in replacing the
encoded value from Figure 3.16 by a special token value with a given probability. The idea of the random
masking is very similar to the dropout introduced earlier. However, the concept must be adapted to the
input, as 0 represents a token. The token value is then set to vsts , which is the first value that is not
used in the encoding.

The hyperparameters of the architecture are based on the values from [65]. The number of heads was
increased to 4, and the number of transformer blocks was increased to 3. The number of neurons of the
MLP in the transformer block was defined as four times the embedding size. As we did not change the
embedding size, it was fixed to 128 neurons (as the embedding size was 32). No dropout was used: the
dropout probability was set to 0. The AdamW optimizer was used with a weight decay set to 0.01. The
learning rate was set to 10−4.

3.7.2 Tokenization extensions

There are two possible ways to modify the tokenization. The first possible change we can make is the choice
of the conversion. We will consider two more encoding possibilities: the first one is the simplest: instead
of using letters based on the nucleotides at the marker locus, we keep the 0, 1, 2 values. The vocabulary
size vs is thus of size three. The second is an extension of the conversion introduced in GPTransformer.
This adaptation will separate the case where the marker value is 0 from the case where the marker is equal
to 2. In the first case, the nucleotide letter will be in lowercase, while it will be in uppercase for the sec-
ond case. The different possible values will be a, c, g, t, A, C, G, T, X, the vocabulary size will be of size 9.

The second parameter we can change is the token size ts. It controls the number of different possi-
ble tokens that will be in the dataset while also controlling the size of the dataset in tokens. The token
size is thus a trade-off between the number of different tokens versus the number of tokens in the dataset.
If the token size is big, there will be many possible tokens, and the size of the dataset will be smaller as
more markers are grouped into a single token. If the token size becomes too big, then the number of
tokens in the training dataset may not be sufficient to contain every possible token. As there will not be
many samples of the vast majority of the tokens, their corresponding embedding will be very poor, which
can impact the model predictions. On the contrary, when the token size is too small, then the sequences
will be too big to be processed in an acceptable time frame. To give an idea, it takes forty minutes on the
available hardware for one epoch of GPTransformer2 with a token size of four. If the token size is equal
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to one, it would take approximately one day to train during one epoch. Instead of taking less than a day
to train a model, it will take nearly an entire month to train a single model. And there are six phenotypes
in total, so six models to train. The value of the token size must then be chosen carefully to balance this
tradeoff properly. We will test two values in this thesis: four and eight. These values were chosen as the
number of markers is divisible by four and by eight. The value of sixteen was not considered, as even with
the smallest vocabulary size of three, there would be more possible tokens (316 ≈ 40000000 tokens) than
tokens in the training dataset (13000 ∗ 3630416 ≈ 29500000 tokens) which was not a good idea.

Table 3.10: Tokenization names based on the token and vocabulary size

Vocabulary size
Token size

4 8

3 small small-extended
5 medium medium-extended
9 large -

The combination of the two parameters gives us six possible tokenizations. In practice, we will not try the
larger conversion with a vocabulary of 9 with a token size of 8 as it will create too many possible tokens
(98 ≈ 43000000 tokens) compared to the number of tokens in the training set (13000∗ 363048 ≈ 59000000
tokens). Table 3.10 introduces the naming convention for the different tokenizations that will be used in
the rest of this work to avoid any confusion between the methods.

3.7.3 Experiments

The experiments based on this architecture were only done on the shoulder phenotype, as the training of
all five tokenization models takes a lot of time. The same configurations will be used for every phenotype.
Two experiments were done with this architecture. The first one consists of varying the batch size
used during the training, and the second concerns the last difference between the GPTransformer and
GPTransformer2. In the GPTransformer2, the activation function of the MLP inside the transformer
block is not the ReLU used in GPTransformer but an alternative function, the GeLU.

Figure 3.17: Graph of the GeLU function (taken from the documentation of [6])

This activation function is a smoother version of the ReLU that penalizes the small negative values as
the output is not set to zero in this case. Note that this change only concerns the MLP inside the
transformer block. For the final MLP that produces the prediction, the ReLU is still used as an activation
function. Table B.11 summarizes the best results obtained for all tokenizations. There will not be any
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hyperparameter tuning for this architecture due to the same reasons as for the other models. Table A.12
summarizes the configuration for the five tokenization methods.

3.7.4 Results and discussion

Table 3.11: GPTransformer2 model results

(a) Correlation

Shoulder Top Buttock (side) Buttock (rear) Size Musculature

GBLUP (VanRaden) 0.492 0.477 0.507 0.504 0.490 0.522
Small 0.395 0.383 0.390 0.426 0.345 0.436
Small-extended 0.357 0.341 0.351 0.370 0.233 0.406
Medium 0.399 0.359 0.374 0.423 0.345 0.453
Medium-extended 0.355 0.343 0.317 0.369 0.244 0.408
Large 0.382 0.344 0.393 0.431 0.315 0.458

(b) Mean absolute error

Shoulder Top Buttock (side) Buttock (rear) Size Musculature

GBLUP (VanRaden) 1.209 2.421 1.056 1.013 5.347 1.100
Small 1.284 2.649 1.071 1.076 5.869 1.221
Small-extended 1.324 2.685 1.105 1.152 5.949 1.238
Medium 1.279 2.778 1.224 1.172 5.724 1.224
Medium-extended 1.314 2.691 1.094 1.121 6.705 1.220
Large 1.432 2.739 1.225 1.121 5.806 1.310

Table 3.11 summarizes the results of the best configuration on every phenotype for all tokenization meth-
ods. For more clarity, the best performance of the GPTransformer models for every phenotype is set in
bold in the table. The first thing that can be seen is that, whatever the tokenization methods, the results
are worse than those obtained with the GBLUP. It can also be seen that the performances of the models
that use eight as token size, the "extended" methods, are lower than the ones that use a token size of
four. This indicates that the size of the training dataset is really important. Using a token size of eight
instead of four does reduce the number of tokens contained in the training size by a factor of two. The
large difference in the results indicates that we are not close to the convergence and that the results may
benefit from an increase in the training set size.

The second characteristic that we can evaluate is the impact of the conversion applied during the to-
kenization that defines the vocabulary size parameters. As the configuration was only tested on the
shoulder phenotype, we will only consider this phenotype, as the others were not considered and are prob-
ably not the optimal results from all configurations tested during the experiments. It can be seen that
the small and medium tokenization methods have very similar results, while the ones obtained with the
large method are slightly worse. A possible explanation may be that using the large tokenization methods
creates more possible tokens (94 = 6561), which is more than for the small and medium versions, which
respectively create 34 = 81 and 54 = 625 tokens. The training set has thus fewer examples than for the
other two methods, which would explain the lower results. Unfortunately, without any additional data, this
is not possible to verify. To avoid any confusion, the tokenization method that will be used in Chapter 4
and Chapter 5, as the GPTransformer2 architecture will be the Medium one. The criterion used to make
that choice is the fact that it achieved the best correlation on the single studied phenotype.
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3.8 Multi-trait regression

This last section will evaluate the performance of the neural network architecture on the multi-trait re-
gression task, like in the last section of the previous chapter. Every architecture but the GPTransformer
and Deep-MLP ones were tested; the results of this experiment can be found in Table B.12. Note that
the ResGS was not trained using the pipeline detailed in Section 3.4 and that the tokenization method
used for the GPTransformer2 is the medium one. Based on these results, we can see that both LCLNN
and the Shallow-MLP were the best models by a large margin. Unfortunately, as there was only time
to tune the hyperparameter for a single architecture, a choice had to be made. The criterion was the
summed correlation of the four phenotypes. Based on this criterion, the architecture that will be tuned
is the Shallow-MLP. To avoid any confusion with the previous model, the name Multi-MLP will be used
instead.

The hyperparameter range will be the same as the one from the first sweep for the MLP architecture
described in Table 3.1a. As the architecture is the same, the most coherent choice is to take the same
hyperparameters and the same set for each one of them. The best configuration will be chosen based
on the model performing the best summed correlation for the four phenotypes. The summed correlation
avoids making any biases toward any phenotypes. The best configuration can be found in Table A.13, and
the performance of this model on the validation set can be found in Table B.13.

3.8.1 Results and discussion

Table 3.12: Multi-MLP model results

(a) Correlation

Shoulder Top Buttock (side) Buttock (rear)

GBLUP (VanRaden) 0.492 0.477 0.507 0.504
Multi-MLP 0.487 0.464 0.505 0.498

(b) Mean absolute error

Shoulder Top Buttock (side) Buttock (rear)

GBLUP (VanRaden) 1.209 2.421 1.056 1.013
Multi-MLP 1.256 2.559 1.081 1.046

Table A.13 summarizes the results for the Multi-MLP results. It can be seen that the model performances
are quite close to those of the baseline, but without surpassing it. It can also be seen that the performance
for the Top phenotype is slightly worse than that of the other phenotypes. The same observations can be
made on the mean absolute error metric.
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Global comparison of the models

The previous sections aimed to explain in detail all the architectures evaluated during this thesis. However,
to avoid confusion, the different models were not compared with each other. This chapter aims to analyze
the architectures more globally to better understand the interaction with machine learning methods and
the genomic data. Every section will analyze the impact of a specific experiment using the results of
the relevant information. The results of these evaluations will enable us to determine if the experiment
was successful on the dataset or hurt the quality of the model’s results. Note that we only display the
result from the first run when several runs were performed for a given architecture, such that the results
displayed are coherent for all models.

4.1 Evaluation of the multi-trait regression

Table 4.1: Maximum correlation of multi-trait models with their corresponding single-trait model

Shoulder Top Buttock (side) Buttock (rear)

Random forest 0.380 0.358 0.394 0.375
Multi-RF 0.379 0.352 0.365 0.374
XGBoost 0.436 0.413 0.454 0.443
Multi-XGB 0.433 0.417 0.456 0.443
Shallow-MLP 0.477 0.464 0.496 0.498
Multi-MLP 0.487 0.464 0.505 0.498

Table 4.1 shows the results on the correlation metric for the multi-trait regression and the single-trait
ones. The best result for every family of the model is set in bold in the table. We can see that the
results are almost the same between the single-trait model versus the multi-trait one. This conclusion is
the same for all three models presented, despite the fact that they used very different algorithms. This
could indicate that the conclusions made here could generalize to whatever architecture is used. However,
we can not make this claim based on only three models. A separate experiment evaluating many more
different models would be required before being able to claim that the usage of multi-trait regression does
not impact the performance. Despite the lack of improvement in the results, the usage of the multi-
trait regression has some advantages. For example, the training and the tuning of multi-trait models are
reduced by a factor equal to the number of predicted phenotypes for the MLP, as only a single model
has to be trained instead of one per phenotype. Future experiments using this dataset can use these
results to train only multi-traits models to increase the efficiency of their work. However, using multi-trait
regression may induce more processing of the dataset used for the training in order to avoid and manage
the potential missing phenotypes.
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4.2 Evaluation of the LCLNN model

Table 4.2: Maximum correlation obtained by the LCLNN compared to the Shallow-MLP

Shoulder Top Buttock (side) Buttock (rear) Size Musculature

Shallow-MLP 0.477 0.464 0.496 0.498 0.425 0.516
LCLNN 0.464 0.470 0.502 0.498 0.473 0.505

LCLNN is a new architecture that was not used before. It is thus important to analyze these results
in order to evaluate this novel architecture. The architecture we will use for the comparison is the
Shallow-MLP, as it is the closest architecture assessed in this thesis. Table 4.2 summarizes the results for
both models. The results of both models are very similar (except for the size phenotype for the reasons
explained in Section 3.2). When we look at the best configuration of the LCLNN, we can see that the
locally connected layers are only a small part of the model compared to the linear model. Indeed, the
number of parameters due to the LCL in the model is close to 300000 (≈ 5∗36304+3∗36304). When we
compare to the configuration for the phenotype that used the smallest MLP in the LCLNN configuration,
summarized in Table A.8, we can estimate that the number of parameters of the MLP is more than 2,3
million (36304∗64 = 2323456) which is more or less eight times bigger than the contribution of the LCL.
This contribution is even less for the other phenotypes that use more hidden neurons. The impact provided
by the LCL layers is thus very limited and looks like an encoding layer for a classical MLP. Experiments
done with the encoding done in Section 3.6 and Section 3.5 show that it does not significantly impact the
model, and this comparison shows the same behavior. Therefore, the LCLNN architecture does not look
like a very promising architecture for genomic selection. It can be seen as a modification of an MLP that
does not improve the results compared to the version without the modifications. There is thus no reason
to use the modified version instead of the original one.

4.3 Evaluation of the residual training pipeline

Table 4.3: Maximum correlation of the ResGS compared to the Ridge regression model

Shoulder Top Buttock (side) Buttock (rear) Size Musculature

Ridge 0.490 0.477 0.508 0.504 0.491 0.523
ResGS 0.482 0.477 0.505 0.497 0.492 0.525

In Section 3.4, a new training pipeline was derived based on the one proposed by [10]. In the version
used, the first phase used the optimal ridge model introduced in Section 2.3. When training a model to
predict residuals, like for ResGS, it is important to evaluate if the prediction of these residuals improves
the results. Otherwise, the prediction of these residuals is useless, and only the base model should be used.
Table 4.3 summarizes the relevant results. It can be seen that the performance of the Ridge regression
and the ResGS architecture is very close. The addition of the ResGS does not seem to add any useful
value to the model, despite being the biggest model evaluated during this thesis. Based on these results,
we can conclude that there are no benefits in adding a ResGS model in order to predict the phenotype.
However, these results do not mean that the method is not suited to the problem of genomic selection.
Lots of variations are possible and may improve the results. For example, instead of using a tuned Ridge
regression model, another linear model could have been used, or even a nonlinear model. This experiment
concludes that the usage of a ResGS model to predict the residuals is not a good idea as there are very
few differences with the ridge model used alone.
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4.4 Evaluation of the transformer architectures

Table 4.4: Maximum correlation of the transformer architectures

Shoulder Top Buttock (side) Buttock (rear) Size Musculature

GPTransformer 0.415 0.370 0.453 0.452 0.312 0.450
GPTransformer2 0.399 0.359 0.374 0.423 0.345 0.453

During this thesis, we have evaluated two models based on the transformer architecture. GPTransformer
evaluates different types of embeddings, while GPTransformer2 explores different variations for the to-
kenization. In this section, we will compare the results of both models to understand which method
should be preferred to reduce the size of the sequence to compensate for the weakness of the attention
mechanism used in transformer architectures. Table 4.4 shows that GPTransformer performs better in all
phenotypes but the musculature and the size phenotype. However, as the gap is relatively small and the
threshold on the feature selection was not tuned during the experiments done with the GPTransformer
models, we cannot conclude that using mutual information feature selection yields better results than the
usage of tokenization. Supplementary experiments are required with different thresholds for the mutual
information to be able to conclude. Furthermore, there is no indication that the mutual information is the
best feature selection method. To be as complete as possible, other feature selection methods must be
tested to find the one that best suits the problem.

4.5 Impact of the size of the dataset

One of the main specificities of this thesis is the large number of individuals present in the dataset.
However, the fact that the dataset is bigger than the ones used in the literature about genomic selection
does not mean that the training set is sufficiently big for the tested architectures. As machine learning
algorithms heavily depend on the size of the dataset, it is important to consider it in order to have a
complete analysis. To do so, we will train the Shallow-MLP, GBLUP, and ResNet using a fraction of the
training dataset to evaluate if the performance evolves according to the size of the dataset. To avoid
confusion, we will only consider the Shoulder phenotype in this section. We will train the models using the
first 500, 1000, 2000, 5000, and 10000 samples of the original training set using the best configuration for
the shoulder phenotype. Note that this analysis was not performed on the transformer-based architecture,
as the different tokenization methods already enable us to discuss the impact of the size of the dataset.
Figure 4.1 shows the results of these experiments. The abscissa axis uses a logarithmic scale to better
illustrate the results. We can see that for the ResNet model, the correlation increases linearly with the
logarithm of the training set size. For the Shallow-MLP, we can see the same linear behavior, but it is less
clear for bigger training set values, where the increase looks to slow down a bit. The last point, which uses
the whole training set, is less aligned. It can be explained by the fact that the configurations used in these
experiments were chosen to optimize this value. The increase is bigger for the Shallow-MLP model as
hyperparameter tuning was performed, which further optimizes the configuration compared to the ResNet,
where only the configuration was chosen based on the experiments. The last model, GBLUP, has very
similar results compared to those of the Shallow-MLP. Figure 4.1 shows that even if the size of the dataset
is very big compared to the ones found in the literature, the correlation is still increasing as we increase
the size of the dataset with either of the three models. It is thus not possible to draw general conclusions
on the architectures, as this experiment shows that if we had more data available, the performance could
be improved. With this given dataset, the ResNet architecture seems to underperform compared to the
MLP, but this may be explained by the fact that the ResNet architecture requires more examples than the
MLP to achieve its best performance. A natural follow-up to this thesis would consist of extending the
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Figure 4.1: Impact of the training set size on the performance of GBLUP, Shallow-MLP, and ResNet
models for the shoulder phenotype.

dataset to reach a point where increasing the training set would not increase the performance. Only then
could conclusions be made on the real performances of the different architectures. Note that the increase
of the dataset set must be big enough to matter: the linear scaling is on the logarithm of the training
size. To have a significant upgrade of the dataset would require multiplying its size several times, which
could be impossible in a reasonable amount of time. This is a major hurdle to be surpassed that may slow
down the research in the genomic selection field.

4.6 Evaluation of all tested methods against the GBLUP baseline

Table 4.5 summarizes the results of all models tested during this thesis. For every table and every
phenotype, the best results are set in bold. For the models where several runs were performed, only the
performance of the first run is displayed in the table, such that the table contains only the performance
of a single model. Compared to the GBLUP model, better results in the correlation metric were found
in three out of the six phenotypes, and equal values were found for two other phenotypes. However,
the improvement is nearly negligible as the correlation was only improved by at most five thousandths.
For the mean absolute error, the GBLUP is only the best model for a single phenotype, but like for the
correlation, the improvement is very small: the gap between the baseline and the best model is at most
twelve thousandths. For the models defined in Chapter 2, the best models were the Ridge and the SVM,
followed by the XGBoost, and finally the random forest. For the model defined in Chapter 3, the best
models used the linear architecture, followed by the CNN, and finally the transformer-based models. To
conclude, the results summarized from Table 4.5 show that we have not found a better model than the
GBLUP; we have only trained models that give similar results at the best.
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Table 4.5: Results of all models evaluated during this thesis

(a) Correlation

Shoulder Top Buttock (side) Buttock (rear) Size Musculature

GBLUP (VanRaden) 0.492 0.477 0.507 0.504 0.490 0.522
Ridge 0.490 0.477 0.508 0.504 0.491 0.523
Random forest 0.380 0.358 0.392 0.375 0.329 0.395
Multi-RF 0.379 0.352 0.365 0.374 / /
Multi-XGB 0.433 0.417 0.456 0.443 / /
XGBoost 0.436 0.413 0.454 0.443 0.377 0.460
SVM 0.486 0.475 0.512 0.500 0.490 0.518
Shallow-MLP 0.477 0.464 0.496 0.498 0.425 0.516
Deep-MLP 0.464 0.460 0.500 0.493 0.467 0.507
Multi-MLP 0.487 0.464 0.505 0.498 / /
LCLNN 0.464 0.470 0.502 0.498 0.473 0.505
GPTransformer 0.415 0.370 0.453 0.452 0.312 0.450
GPTransformer2 0.399 0.359 0.374 0.423 0.345 0.453
ResNet 0.435 0.427 0.475 0.450 0.437 0.471
ResGS 0.482 0.477 0.505 0.497 0.492 0.525

(b) Mean absolute error

Shoulder Top Buttock (side) Buttock (rear) Size Musculature

GBLUP (VanRaden) 1.209 2.421 1.056 1.013 5.347 1.100
Ridge 1.208 2.421 1.053 1.012 5.352 1.098
Random forest 1.325 2.636 1.153 1.112 5.970 1.188
Multi-RF 1.331 2.636 1.165 1.124 / /
Multi-XGB 1.383 2.612 1.103 1.088 / /
XGBoost 1.258 2.534 1.089 1.057 5.757 1.138
SVM 1.211 2.430 1.045 1.013 5.391 1.105
Shallow-MLP 1.265 2.445 1.060 1.105 5.968 1.114
Deep-MLP 1.236 2.801 1.088 1.061 5.524 1.125
Multi-MLP 1.256 2.559 1.081 1.046 / /
LCLNN 1.704 3.085 1.368 1.085 5.394 1.404
GPTransformer 1.262 2.589 1.088 1.060 5.894 1.187
GPTransformer2 1.279 2.778 1.224 1.172 5.724 1.224
ResNet 1.289 2.483 1.077 1.061 6.055 1.155
ResGS 1.209 2.409 1.057 1.015 5.349 1.105
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Chapter 5

Conclusion

The goal of this thesis was to try different machine learning algorithms to find a better model than the
GBLUP, one of the state-of-the-art models used in the genomic selection field. To do so, we have used a
cattle dataset of a size much larger than the ones used in the literature. It enables testing methods that
usually require much more data, like the transformer models. In Chapter 1, we started by introducing the
main concepts, the dataset, and developing the GBLUP method. This chapter introduces the necessary
concept and explains the context of the thesis by defining what genomic selection is and explaining the
model that we will use as the baseline for all models tested.

In Chapter 2, we explained the classical machine learning models. We have found that the Ridge and
the SVM were both models that achieved results that are very close to the GBLUP baseline. However,
the SVM was not very practical to use as the training time for this model was much higher than the
other ones due to the size of our dataset. XGBoost and random forest were also considered, but they do
not reach the level of the baseline. We have also experimented the impact of multi-trait regression for
the XGBoost and Random Forest and have found that it does not decrease the results, but hastens the
development, as only one model for all phenotypes has to be tuned instead of training as many models as
we have phenotypes.

In Chapter 3, we explained models based on three big families of neural networks. The first model
examined was the MLP, where two architectures were considered. Shallow-MLP is a one-hidden-layer
MLP, whereas Deep-MLP is a nine-hidden-layer MLP. We showed that both architectures achieved results
close to the baseline, with Shallow-MLP being a little better. LCLNN was a new architecture based on
the idea of [7] that uses a local connected layer: a convolutional layer that does not share its weights.
This model performed similarly to the MLP, as the design of the architecture was very close to an MLP,
and the addition of the LCL did not impact the model that much. For the convolutional neural network,
we have used two different architectures, the ResGS and a custom ResNet. We have introduced a new
training pipeline with ResGS that uses the Ridge model to provide a first estimation and then uses ResGS
to predict the residual of the Ridge prediction. The results showed that this training method was not very
effective, as their results were very close to those obtained with the ridge model only, which means the
ResGS did not really influence the results. The impact of the pooling layer was studied with both architec-
tures, and we showed that using maximum or average pooling, like in the classical CNN does decrease the
performance of the models compared to the one using a strided convolution. The impact of a different
encoding of the data was also tested with the ResNet, but it does not influence the results. The last two
models are based on the Transformer architecture. The first model, GPTransformer, studied five different
types of embedding for the model. The best one was the one defined in [11] that uses a linear layer as
embedding. GPTransformer2, the second transformer-based architecture, introduced a new version of the
tokenization procedure to evaluate a way to avoid the usage of feature selection to reduce the length of
the input sequence that slows the transformer. The results obtained indicate that the encoding does not
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seem to influence the model, and that the number of tokens in the training size has a major influence
on the performance. The big difference in results according to the number of tokens in the training set
indicates that the models may benefit from more data.

The last chapter, Chapter 4, compared the different models with each other; the main experiment was the
evaluation of the impact of the size of the training set on the performance of the Shallow-MLP, GBLUP,
and ResNet models. It shows that we have not yet converged to the best performance despite the size of
the dataset. This indicates that to be able to truly evaluate the potential of neural networks, more data
is required before being able to conclude that one architecture is better than the others.

As this thesis’s goal was to explore the possibilities, there are lots of possible follow-up works to be
done. There are still many parameters still have to be tested for their impact, and different architectures
have to be evaluated. The results observed in the thesis show that the classical methods used in other
fields can not be applied blindly to predict phenotypes based on the genotype. Some examples from this
work are the one-hot encoding and the max pooling, which are far from reaching the best performances.
Defining an architecture that introduces inductive biases tailored to genomic selection may be a solution
to increase the performance of neural networks while reducing the number of samples required to reach
the best performance. An example would be the definition of an embedding method that can encode
the sequence of SNP markers in a way that makes sense biologically. Another possible follow-up would
be to use larger SNP marker sequences. However, this would induce new problems to be solved due to
the increase in size. Models like the transformer would become very difficult to use as it is due to the
increased sequence lengths. Another possible follow-up would be to study the impact of the choice of the
loss function. This thesis only used the mean absolute error as loss, but tried only once to use the mean
squared error for the GPTransformer. Table A.11 shows that some of the best GPTransformer models
were trained using this metric. As the main metric, the Pearson correlation coefficient can not be used
as a loss function. The question of the best loss function to use to train the model remains open. The
mean absolute error is not the perfect choice, as we can see that for some results, the best correlation was
obtained with a high mean absolute error. Finding a loss function that is more similar to the correlation
metric may increase the results and ease the training of the models.

To conclude, the usage of machine learning models for genomic prediction is still at an early stage.
In this thesis, a wide range of algorithms was evaluated, but without surpassing the linear baseline. How-
ever, the performed experiments enabled us to find some interesting information that could be used in
further research in the field. This work can then be used to make further research on the usage of machine
learning algorithms for genomic selection.
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Appendix A

Model configurations

This section will detail all the parameters used for the models evaluated on the test set. Note that only the
parameters required to construct the Python class of the models and important training hyperparameters
will be displayed here. For the models created using scikit-learn models, the name of the parameters refers
to the argument of the class.

Table A.1: Configuration of best Random forest models

Parameters Shoulder Top Buttock (side) Buttock (rear) Size Musculature

Max features 0.1 1
3 0.01 0.25 0.1 0.25

Max depth 35 33 17 23 25 15

Table A.2: Configuration of best Ridge regression models

Parameters Shoulder Top Buttock (side) Buttock (rear) Size Musculature

Alpha 55600 44500 26250 34000 20900 23950

Table A.3: Configuration of best SVM models

Parameters Shoulder Top Buttock (side) Buttock (rear) Size Musculature

γ 1.225*10−4 1.225*10−4 7.75*10−5 10−4 10−4 10−5

C 3.25 7.25 3.25 5.5 21.25 3.25

Table A.4: Configuration of best XGBoost models

Parameters Shoulder Top Buttock (side) Buttock (rear) Size Musculature

Max depth 7 7 4 3 9 3
Learning rate 0.01 0.01 0.1 0.1 0.01 0.1
Subsampling 0.75 0.75 0.75 0.75 0.25 0.75
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Model configurations

Table A.5: Configuration for multi-trait models

(a) Configuration for Multi-RF

Max depth Max features Normalization

Multi-RF 21 1
3 False

(b) Configuration for Multi-XGB

Max depth Learning rate Subsampling Normalization

Multi-XGB 7 0.01 0.75 True

Table A.6: Configuration of best Deep-MLP architecture

Parameters Shoulder Top Buttock (side) Buttock (rear) Size Musculature

Hidden size 512 1024 64 512 1024 1024
Batch size 32 64 128 64 128 8
Learning rate 0.000556 0.000889 0.000445 0.000112 0.000223 0.000112
Dropout 0.25 0.4 0.4 0.45 0.5 0.25

Table A.7: Configuration of best Shallow-MLP architecture

Parameters Shoulder Top Buttock (side) Buttock (rear) Size Musculature

Hidden size 8192 32 512 4096 10240 256
Batch size 256 1024 32 256 1024 32
Learning rate 0.000112 0.000556 0.0005 0.005 0.0005 0.001
Dropout 0.5 0.45 0.15 0.8 0.5 0.5

Table A.8: Configuration of best LCNN architecture

Parameters Shoulder Top Buttock (side) Buttock (rear) Size Musculature

Learning rate 0.0001 0.0001 0.00001 0.00001 0.0001 0.0001
Dropout 0.4 0.5 0.4 0.3 0.4 0.3
Hidden size 0 128 64 1024 1024 2048 128
hidden size 1 32 8 4 64 64 4

Table A.9: Configuration of best ResGS architecture

Parameters Shoulder Top Buttock (side) Buttock (rear) Size Musculature

Learning rate 0.0001 0.01 0.00001 0.00001 0.0001 0.001
Dropout 0.2 0.15 0.1 0.2 0.1 0.3
Hidden size 1024 256 512 32 256 512
Target size 2400 8400 10400 12400 4400 10400

Table A.10: Configuration of best ResNet architecture

Parameters Shoulder Top Buttock (side) Buttock (rear) Size Musculature

Hidden size 512 128 128 512 512 512
Learning rate scheduler LinearLR None None LinearLR_40 None LinearLR
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Table A.11: Configuration of best GPTransformer architecture

Parameters Shoulder Top Buttock (side) Buttock (rear) Size Musculature

Embedding frequency categorical categorical categorical tokenization categorical
Learning rate 5 ∗ 10−4 5 ∗ 10−4 5 ∗ 10−4 5 ∗ 10−4 10−5 5 ∗ 10−4
Weight decay 0 0 0 0 0.005 0
Loss MSE MSE MAE MAE MAE MSE

Table A.12: Configuration of best GPTransformer2 architecture in function of the tokenization method

Parameters Small Small-extended Medium Medium-extended Large

Batch size 170 256 170 170 180
Activation ReLU ReLU GeLU ReLU GeLU

Table A.13: Configuration of best Multi-MLP architecture

Parameters Multi-MLP

Hidden size 8192
Batch size 512
Learning rate 0.000334
Dropout 0.25

67



Appendix B

Validation set results

This section will display some results of the architectures on the validation set. These results are placed
in this appendix to avoid any confusion with the results obtained on the test set presented in the main
text of the thesis. Note that only the results mentioned in the thesis are present in this section to avoid
overloading the document.

Table B.1: Maximal correlation obtained from the models in Chapter 2 compared to the GBLUP

Shoulder Top Buttock (side) Buttock (rear) Size Musculature

GBLUP (VanRaden) 0.471 0.464 0.498 0.526 0.447 0.550
Random forest 0.415 0.409 0.381 0.438 0.360 0.434
Ridge 0.475 0.468 0.499 0.526 0.448 0.551
SVM 0.479 0.462 0.502 0.535 0.446 0.555
XGBoost 0.445 0.450 0.460 0.478 0.386 0.507

Table B.2: Summed correlation of the best multi-trait models with and without normalization.

With normalization Without normalization

Multi-RF 1.597 1.611
Multi-XGB 1.816 1.795

Table B.3: Results of the normalization experiment on the MLP architectures

(a) Maximum correlation obtained without normalization

Shoulder Top Buttock (side) Buttock (rear) Size Musculature

Shallow-MLP 0.471 0.456 0.485 0.521 0.410 0.540
Deep-MLP 0.470 0.456 0.483 0.518 0.419 0.546

(b) Maximum correlation obtained with normalization

Shoulder Top Buttock (side) Buttock (rear) Size Musculature

Shallow-MLP 0.469 0.456 0.487 0.517 0.416 0.543
Deep-MLP 0.467 0.452 0.486 0.524 0.417 0.543
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Table B.4: Maximal correlation obtained in the different sweeps compared to the GBLUP

Shoulder Top Buttock (side) Buttock (rear) Size Musculature

GBLUP (VanRaden) 0.471 0.464 0.498 0.526 0.447 0.550
Shallow-MLP (first sweep) 0.477 0.466 0.498 0.524 0.428 0.556
Shallow-MLP (second sweep) 0.476 0.464 0.495 0.525 0.433 0.552
Deep-MLP 0.476 0.463 0.498 0.523 0.433 0.552

Table B.5: Maximal correlation obtained depending on the reduction method used in ResGS

Reduction method Shoulder Top Buttock (side) Buttock (rear) Size Musculature

Max pooling 0.277 0.252 0.277 0.309 0.244 0.304
Strided convolution 0.347 0.329 0.365 0.366 0.293 0.378
Strided LCL 0.277 / / / / /

Table B.6: Maximal correlation obtained depending on the training pipeline with ResGS

Training pipeline Shoulder Top Buttock (side) Buttock (rear) Size Musculature

Whole phenotype 0.483 0.474 0.506 0.531 0.458 0.553
With residuals 0.347 0.329 0.365 0.366 0.293 0.378

Table B.7: Maximal correlation obtained depending on the reduction method used in ResNet

(a) Result obtained using the fourth architecture

Reduction method Shoulder Top Buttock (side) Buttock (rear) Size Musculature

Pooling 0.389 0.352 0.377 0.409 0.289 0.444
Strided 0.428 0.383 0.448 0.487 0.372 0.508
Strided + LCL 0.408 0.366 0.368 0.449 0.292 0.461

(b) Results obtained using the fifth architecture

Reduction method Shoulder Top Buttock (side) Buttock (rear) Size Musculature

Pooling 0.329 0.344 0.360 0.411 0.273 0.399
Strided 0.420 0.373 0.441 0.474 0.339 0.472

Table B.8: Maximal correlation obtained depending on the encoding used in ResNet

Encoding method Shoulder Top Buttock (side) Buttock (rear) Size Musculature

None 0.428 0.383 0.448 0.487 0.372 0.508
Convolutional 0.347 0.392 0.442 0.445 0.354 0.465
LCL 0.410 0.365 0.420 0.451 0.379 0.472

Table B.9: Maximal correlation obtained with all ResNet experiments

Shoulder Top Buttock (side) Buttock (rear) Size Musculature

0.458 0.432 0.475 0.503 0.411 0.533

Table B.10: Maximal correlation obtained with the GPTransformer models compared to the GBLUP

Training pipeline Shoulder Top Buttock (side) Buttock (rear) Size Musculature

GBLUP (VanRaden) 0.471 0.464 0.498 0.526 0.447 0.550
GPTransformer 0.453 0.399 0.451 0.478 0.312 0.493
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Table B.11: Maximal correlation obtained with the GPTransformer2 according to the tokenization method

Tokenization method Shoulder

Small 0.403
Small-extended 0.381
Medium 0.421
Medium-extended 0.381
Large 0.422

Table B.12: Maximal correlation obtained from the models in Chapter 3 using the multi-trait regression

Shoulder Top Buttock (side) Buttock (rear)

Shallow-MLP 0.481 0.445 0.476 0.512
LCLNN 0.483 0.446 0.467 0.512
ResGS 0.400 0.367 0.385 0.434
ResNet 0.397 0.370 0.395 0.456
GPTransformer2 0.412 0.380 0.424 0.453

Table B.13: Correlation obtained by the best Multi-MLP model during the hyperparmeter tuning

Shoulder Top Buttock (side) Buttock (rear)

0.488 0.461 0.492 0.515
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