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Abstract
One of the signi�cant challenges in the world is to feed its population, as around

193 million people are facing severe hunger. The solution to this problem is to increase

the quality and quantity of food while facing the challenge of decreasing or degrad-

ing agricultural land. Genomic selection is a predictive technique to identify the top

genotypes and develop new cultivars. It uses the whole genome molecular markers

of a genotype to predict crop traits even before growing them. There are two main

categories of genomic selection: i) single environment trial, where it is assumed that

the environment does not impact the crop's development, and ii) multi-environment

trial, where the environment in
uences the crop development by interacting with

the genetic component of crops known as GxE. Deep learning models can extract

meaningful information from di�erent data sources, such as weather and text data.

However, they need to be better developed, especially for multi-environment trials.

Here we devised one ensemble deep learning model and one transformer model for

single environment trials, and three deep learning frameworks for multi-environment

trials. While devising these models and frameworks, we introduced some new tech-

niques for genomic selection, such as representing markers with genotype frequency,

environment-speci�c markers and global markers that are not related to any environ-
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ment but to a speci�c trait. The results demonstrate that our single environment

models are competitive with or comparable to existing methods, while our multi-

environment frameworks are better than some existing methods. We anticipate that

this research will help future research build more complex deep learning frameworks

for both categories. For example, future multi-environment frameworks may incor-

porate di�erent data types, such as soil data and images of agricultural land. One

of the proposed frameworks can be extended further to facilitate additional data and

models.
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Chapter 1

Introduction

Food insecurity refers to people's inability to meet the required amount of nu-

trition by consuming a su�cient diet. The inability comes from the shortage of

agricultural production, the excessive price of agrifood or the seasonal lack of access

to food [Government of Canada, 2020; FAO, 2006]. Due to food insecurity, around

85 million more people were facing a severe food crisis in 2021 compared to what

was reported in 2016, which has resulted in around 193 million people facing severe

hunger across 36 countries [FAO, 2022]. Although much e�ort is going on to increase

agricultural food production, it is estimated that around 10% of the world population

(828 million) in 2022 is facing hunger which shows no improvement in the percentage

of the nutrition-deprived population from 2015 [WFP et al., 2022; WFP, 2022]. Fig-

ure 1.1 shows the food insecure areas worldwide. Most of the under-developed and

developing countries in Africa, Asia, Latin America and the Caribbean su�er from

moderate to high food insecurity due to pre and post-harvest losses caused by vari-

ous plant diseases, unfavourable weather conditions (i.e., drought, heavy rainfall and

1
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heat waves), climate change, increase in population, wars, inability to purchase agri-

products from international markets and spike in food prices [Otekunrin et al., 2019,

2020; Anderson et al., 2021; Falkendal et al., 2021; Ben Hassen and El Bilali, 2022].

However, developed countries such as Canada also face food insecurity as 10.8% to

11.6% households faced moderate to severe food insecurities between 2018 and 2020

primarily because of �nancial constraints and prices of agrifood [Tarasuk et al., 2022].

Figure 1.1: Percent of food insecured population [FAO, 2021]1.

To ensure food security, it is estimated that we need to increase our food pro-

duction by 50% by 2050 while facing the challenge of climate change, soil erosion,

decreasing amount of agri-land for the increasing population and extreme weather

1copyright FAO, reproduction permitted for academic purposes.
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events such as 
oods and droughts [Van Meijl et al., 2018; Bourgault et al., 2018;

Nawaz and Chung, 2020]. Di�erent measures have been taken to face the challenge

of climate change that also has negative impact on food production. For example, in

Canada, the federal government looks to reduce GHG emissions by reducing fertilizer

use by 2050 [Agriculture and Agri-Food Canada, 2022].

Plant breeding is a procedure for improving the traits of a crop, such as pest

resistance, higher yield and higher nutritional value [Acquaah, 2009]. To improve the

quality of the plants, it is essential to identify top lines or genotypes that possess

the desired traits. A line or genotype is a crop organism that contains all its genetic

materials. However, genotype also refers to the alleles of a gene of a speci�c locus.

On the other hand, traits are the characteristics of an organism that are expressed by

genes and in
uenced by the environment. The expression of the quantitative traits is

the phenotype of an organism. In other words, phenotypes are the physical appear-

ance or biochemical characteristics of an organism determined by the interaction of

its genotype and the environment.

Genomic selection (GS), also referred as genomic prediction (GP), is a prediction

tool that develops new cultivars by estimating phenotypes of a quantitative trait from

genotypes. It makes the link between traits and the underlying genomic information

by using whole-genome molecular markers. The advancement of the next-generation

sequencing technology, such as genotyping by sequencing (GBS) and restriction-site

associated DNA sequencing (RAD-seq), enables us to capture the genetic diversity

among di�erent lines of the same crop [Le Nguyen et al., 2019; Esposito et al., 2019].

These sequencing and genotyping technologies usually provide us with many molecu-
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lar markers, typically covering the whole genome of the crop. These markers can be

employed for studying genetic diversity, identi�cation of quantitative trait loci for a

speci�c trait [Boudhrioua et al., 2020; Zhang et al., 2019; Zegeye et al., 2018; Tang

et al., 2018] and for estimating genomic breeding values for di�erent traits [Tong

and Nikoloski, 2021; Jubair et al., 2021a; Khaki and Wang, 2019; Ma et al., 2018;

Rachmatia et al., 2017a; Crossa et al., 2016b]. GS predicts traits by combining all

DNA marker data to build one single model. On the other hand, traditional marker-

assisted selection (MAS) works with only known genes that are important for the

trait [Jannink et al., 2010]. However, many important genes for crops are still un-

known. Moreover, statistical methods used in MAS performed poorly in improving

complex traits [He�ner et al., 2009] due to the insu�cient training population size

that sometimes causes under�tting of the statistical models [Dekkers and Hospital,

2002; Sch•on et al., 2004; Wong and Bernardo, 2008].

In GS, the experimental environments can be of two types: i) single environment

and ii) multiple environments. In single environment trials, cultivars are developed

without considering the impact of the environment, assuming that they will be sown in

the same location and time of the year. However, multi-environment trials (MET) are

crop experiments where the crop is grown in multiple geographic locations, seasons, or

years. The main challenge of considering MET is that quantitative traits are a�ected

by genotype by environment interaction known as GxE. GxE can both negatively and

positively a�ect the traits based on di�erent environments [Lin et al., 2020; Bellairs

et al., 1996; Shrestha et al., 2012]. Thus, considering GxE in a learning model can

help breeders choose appropriate genotypes based on environments [Roorkiwal et al.,
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2018]. In this research, we started our work on single environment trials and then

extended it to multi-environment trials.

There are two types of models that are primarily employed for GS: i) statistical

models and ii) machine learning models. Most of the statistical models are linear

[Burgue~no et al., 2012; Cuevas et al., 2017; Ferr~ao et al., 2017; Wang et al., 2018;

Bandeira E Sousa et al., 2017; Cuevas et al., 2019; Howard et al., 2019; Millet et al.,

2019; van Dijk et al., 2021; Anilkumar et al., 2022] and may not capture relation-

ships between genotypes and complex traits. On the other hand, machine learning,

especially deep learning models able to predict complex traits and perform either

better or as good as the statistical models [Holliday et al., 2012a; Ogutu et al., 2011b;

Rachmatia et al., 2017b]. This research focuses on devising deep learning methods

for predicting traits from genetic markers to improve the breeding of plants for a)

single environment trials and b) multi-environment trials. For the multi-environment

trial, we incorporate environmental data, such as the amount of rainfall, maximum

and minimum temperatures, altitudes and day length of the next breeding cycle with

the genetic data to replicate GxE and predict traits.

It has been observed that deep learning methods perform equally or better than

statistical methods, but there is no single method that is better than all other methods

and the performance of the same method can di�er for di�erent traits of the same

species [Holliday et al., 2012a; Ogutu et al., 2011b; Rachmatia et al., 2017b; Ma

et al., 2018]. In addition, there are very few machine learning methods that take GxE

interaction into account because of the complexity of incorporating the environmental

interaction into the model and lack of environmental information [Khaki and Wang,
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2019; Shook et al., 2020; Lin et al., 2020; Khaki et al., 2020; Gangopadhyay et al.,

2020; McCormick et al., 2021; Washburn et al., 2021; M�al�y et al., 2021; Zhong et al.,

2022]. We reviewed the existing deep learning models with a particular focus on

multi-environment trials in chapter 2.

We employed two deep learning approaches to solve genomic selection for a single

environment: i) ensemble deep learning approach on a wheat dataset for predicting

six di�erent traits in chapter 3 [Jubair and Domaratzki, 2019] and ii) transformer-

based deep learning model named GPTransformer to develop disease resistant cultivar

of Barley in chapter 4 [Jubair et al., 2021a]. The ensemble technique in machine

learning employs multiple weak machine learning algorithms to predict target values

(phenotypes in GS). Although ensemble learning methods have been applied in animal

breeding programs successfully [Li et al., 2018; Abdollahi-Arpanahi et al., 2020; Liang

et al., 2021], they are not explored much in GS for plants [Gonz�alez-Camacho et al.,

2018].

On the other hand, the transformer is a more recent deep learning approach

[Vaswani et al., 2017] that has been initially applied to Natural Language Processing

(NLP) tasks [Devlin et al., 2018] and later adopted to bioinformatics to perform

downstream tasks, such as identifying important biological regions (i.e., promoters,

transcription sites) and gene expression prediction [Zaheer et al., 2020; Ji et al., 2021;

Avsec et al., 2021]. To the best of our knowledge, we employed the �rst transformer-

based model for genomic prediction. Our results for both models is either better or

equal to the state-of-the-art model for GS.

Finally, we devise two deep learning frameworks, GxENet, in chapter 5 that take
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GxE into account within the model by incorporating environmental and genotype

data along with �eld notes to predict environment speci�c yield for each line of

wheat. While devising one of the frameworks, we utilized our observation from our

previous two works that the deep learning models can predict traits for a single

environment trial successfully, described in chapter 3 and chapter 4, to build one

of the representation learning models of the framework. The results demonstrate

that GxENet can identify environment-speci�c top lines of wheat successfully in two

di�erent test scenarios.

In this research, we have the following contributions:

� We provided a comprehensive overview of the genomic selection process with

deep learning that starts from data and ends with creating a new cultivar for

both single and multi-environment trials. To do it, i) we provided an overview

of di�erent data of GS and how these data need to be processed, ii) discussed

popular components of deep learning models typically employed in GS and then

iii) reviewed existing deep learning architectures and motivation behind them

for both single and multi-environment trials.

� We devised an ensemble deep learning method to predict six traits of wheat in

a single environment trial that obtained either better or state-of-the-art perfor-

mance.

� We employed a Transformer-based deep learning method, GPTransformer, that

uses genotypic and phenotypic data to predict FHB severity and DON levels in a

two-row barley population. We investigated a new approach to represent mark-

ers using genotype frequency obtained from employing the Hardy-Weinberg
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equilibrium rule. In addition, we investigate the e�ect of feature selection on

genomic prediction using mutual information and examine the biological rele-

vance of the top markers identi�ed by the mutual information method. The

results from this model also demonstrate state-of-the-art performance.

� We devised two multi-environment genomic selection frameworks that predict

environment speci�c yield for each line. We proposed a novel concept of global

and local marker sets for feature selection in one of the frameworks. The global

marker sets are essential for yield prediction, irrespective of any environment.

On the other hand, local markers are environment-speci�c important markers

for a particular trait. In addition, we employed DeepLift [Shrikumar et al.,

2017], a method to identify which features contribute more towards prediction

in a deep learning model, to understand how environmental and genetic infor-

mation contribute to predicting yield in our models. Finally, we also extended

one of the frameworks (third framework) to integrate unstructured �eld notes.
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Abstract
Machine learning techniques for crop genomic selections, especially for single-

environment plants, are well-developed. These machine learning models, which use

dense genome-wide markers to predict phenotype, routinely perform well on single-

environment datasets, especially for complex traits a�ected by multiple markers. On

the other hand, machine learning models for predicting crop phenotype, especially

deep learning models, using datasets that span di�erent environmental conditions,

have only recently emerged. Models that can accept heterogeneous data sources,

such as temperature, soil conditions and precipitation, are natural choices for mod-

eling GxE in multi-environment prediction. Here, we review emerging deep learning
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techniques that incorporate environmental data directly into genomic selection mod-

els.

Keywords{ genomic selection, machine learning, GxE, multi-environment,

MET, deep learning

2.1 Introduction

Production of su�cient food for the increasing world population is a major con-

cern. Industrialization and development of infrastructure in developing countries are

causing a shortage of land for growing populations in urban areas, which leads to

unplanned expansion of cities into agricultural land [Azadi et al., 2011]. Soil erosion

due to water, wind, or excessive use for cultivation a�ects the topsoil and fertility,

thus reduces crop production. A large amount of surface and groundwater has already

been used, causing a decrease in groundwater level [Van Meijl et al., 2018]. Global

temperature is increasing and heat waves have become more frequent, which leads

a signi�cant decrease in crop production [Bourgault et al., 2018; Nawaz and Chung,

2020]. Though several regions will bene�t from the e�ect of climate change, especially

because of the increase in temperature, overall food production will decrease by 2050

[Van Meijl et al., 2018].

These problems will increase the price of the food and people, especially in de-

veloping countries, will su�er from hunger and de�ciency in nutrition, causing low

growth in children or low weight [Nawaz and Chung, 2020; Linehan et al., 2012;

United Nations, 2019]. It is projected by the UN that by 2050, the world population
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will reach 9.7 billion and to accommodate this vast number of people, a large amount

of new agricultural land will be needed [Searchinger et al., 2019]. This will lead to

the \more people, less agricultural land" problem [Nawaz and Chung, 2020; United

Nations, 2019]. To ensure food security and keep the food a�ordable to everyone, by

2050, we will need to increase our food production by 50% of our current production

[Nawaz and Chung, 2020].

To face the challenge of food production in the future, selection of varieties with

desired phenotypes from a collection of varieties of a crop is essential to breeders, as

the right selection can lead to improvements such as drought resistance, biotic and

abiotic stress resistance, yield improvement and disease resistance [Varshney et al.,

2017]. While the amount of water, fertilizer, pest control, and sound production

practices contribute to the environment for the plant, the genotype of the plant de�nes

the ability to produce a desired phenotypic value within that environment [Milton,

1979]. Thus, as environmental factors and breeding practices are standardized and

measured, it is vital to create improved varieties for that environment.

Genomic selection (GS), �rst de�ned by Meuwissen et al. [2001], is a marker-

assisted selection method that uses dense whole-genome molecular markers to improve

the quantitative traits of an organism such as a crop or livestock by identifying the top

germplasms. That is, GS is a computational tool for choosing the most advantageous

individuals from a set of varieties and has the potential to save money and time

by accelerating improvements to crops or livestock [Varshney et al., 2017; Acquaah,

2009].

GS for single environment trials employs GS to identify top individuals to create
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a new cultivar for a speci�c environment [Meuwissen et al., 2001; He�ner et al., 2009;

Crossa et al., 2017; Jubair et al., 2021a]. If the environment changes, single envi-

ronment GS does not guarantee that the new cultivar will have the desired outcome

in that new environment [Oakey et al., 2016]. GS for multi-environment trial is a

generalization that is able to identify top organisms even if the environment is new

[Washburn et al., 2021]. In this survey, we focus on applications of deep learning in

both single and multi-environment trial and analyze the di�erences between single

environment and multi-environment models. In particular, we are interested in those

multi-environment models that incorporate data such as hourly temperature, rainfall

or other time series data from environments into deep learning models to improve

prediction. The reader may wish to consult existing reviews of genomic selections

for material focused on statistical models of single environment [Wang et al., 2018;

Anilkumar et al., 2022; van Dijk et al., 2021] and multi-environment trials [Tong and

Nikoloski, 2021; van Dijk et al., 2021]. Additionally, several reviews cover fully the

use of machine learning models for single environment trials [Danilevicz et al., 2022;

Tong and Nikoloski, 2021; van Dijk et al., 2021; Anilkumar et al., 2022; Montesinos-

L�opez et al., 2021]. Xu et al. [2022] also review GS and describe the potential for the

use of multiple sources of data beyond genomic data, including enviromental data.

This includes the use of machine learning models. In contrast, multi-environment

deep learning approaches are an emerging area that enable detailed weather data to

be incorporated directly into the model [Shook et al., 2020; Khaki and Wang, 2019;

Khaki et al., 2020; Lin et al., 2020]. Our survey focuses speci�cally on recent works

involving this latter class of models that employs genomic and weather data together
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to inform deep learning models and predict phenotypes.

Traditionally, we can identify two broad approaches to GS. Linear methods such

as BLUP and variants [Burgue~no et al., 2012; Cuevas et al., 2017; Ferr~ao et al.,

2017; Cuevas et al., 2019; Bandeira E Sousa et al., 2017; Howard et al., 2019; Millet

et al., 2019] explicitly model the phenotype in terms of contributions from di�erent

factors, including pedigree, individual markers or distinct site-years. Typically, these

models perform well for additive traits due to the linear nature of the models. On

the other hand, machine learning models, such as Random Forests (RFs) [Holliday

et al., 2012b; Ali et al., 2020; Sawitri et al., 2020], Support Vector Machines (SVMs)

[Ogutu et al., 2011b; Wang et al., 2019] and Neural Networks (NNs) [P�erez-Enciso

and Zingaretti, 2019; Jubair and Domaratzki, 2019] can model traits in non-linear

but typically opaque ways. For a complete introduction to machine learning and

deep learning (DL), see Emmert-Streib et al. [2020] or Dey [2016]. In this paper, our

focus is on the deep learning methods in this area.

Crops respond di�erently in di�erent environmental conditions [Millet et al., 2019],

an e�ect known as genome by environment interaction (GxE). This leads to di�erences

in production quantity or quality [Cuevas et al., 2017]. In a single environment trial,

it is typically assumed that the environment is constant, thus, there is no e�ect of en-

vironment on genotypes. A number of deep learning methods for single environment

trials have been published [Jubair et al., 2021a; Montesinos-Lopez et al., 2021; Zin-

garetti et al., 2020; Jubair and Domaratzki, 2019; Ma et al., 2018; Rachmatia et al.,

2017a; McDowell, 2016]. These methods di�er in their deep learning architectures

and focus on how they capture the genetic information. Multi-environment models
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can be thought of an extension of single environment trial as the models consider the

interaction between environment and genome. Though multi-environment trials are

an extension of single-environment GS, there are very few deep learning methods that

have been developed for this problem [Shook et al., 2020; Montesinos-L�opez et al.,

2018a, 2019b; Khaki et al., 2020; Lin et al., 2020; Khaki and Wang, 2019] that take

GxE interaction in crops into account because of the complexity in incorporating the

environmental interaction into the model and lack of complete environmental data.

In the past three years, new research has demonstrated the potential of incorporating

environmental information into deep learning models for GS [Shook et al., 2020; Khaki

et al., 2020; Lin et al., 2020; Khaki and Wang, 2019]. This survey focuses speci�cally

on deep learning methods for integrating weather data into GS. The ability to inte-

grate heterogenous data into a model is a known strength of machine learning models

in general, and deep learning models in particular. However, this research is one facet

of a large, active research community that seeks to improve GS accuracy, using var-

ious models, through integration of types of environmental data [Montesinos-L�opez

et al., 2022; Song et al., 2022; Putra et al., 2022; Costa-Neto et al., 2022].

In this survey, our aim is to provide a comprehensive overview of genomic selection

process with deep learning that starts from data and ends with creating a new cultivar

for both single and multi-environment trial. To do this, i) we provide an overview

of di�erent data of GS and how these data need to be processed, ii) discuss popular

components of deep learning models typically employed in GS and then iii) review

existing deep learning architectures and motivation behind them for both single and

multi-environment trials.
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2.2 Datasets for GS

Crop organisms are usually genotyped using high throughput sequencing technology

that uses a large number of genomic markers to cover the whole genome of that or-

ganism [Crossa et al., 2017; He�ner et al., 2009; Goddard and Hayes, 2007]. These

markers are usually represented by categorical values based on their zygosity or se-

quencing technology. For example, a diploid organism is usually represented by 1, 0

and � 1 where 1 and� 1 represent homozygous allele and 0 represents heterozygous

allele. If DArT assays are used for sequencing, SNPs are represented by binary values,

indicating a gene's presence or absence [Jubair and Domaratzki, 2019; Crossa et al.,

2016b]. Table 2.1 shows an example dataset.

Genotype M 1 M 2 ... ... MD

Geno1 1 -1 -1
Geno2 0 1 1

... 0 -1 ... ... 1

... 0 0 ... ... 1
GenoN -1 0 ... ... 0

Table 2.1: An Example of genotyped data. In the column header,M means markers.
This dataset containsD markers andN genotypes. Thus each line is represented by
D markers. Each of these markers can have one of the three values: 1, 0 and -1.

As the data may contain uninformative markers and missing values, the geno-

typed data often need pre-processing. The preprocessing steps may involve removing

uninformative markers, imputation of missing values and representing the features in

some other forms. If the minor allele frequency� 5% [Ma et al., 2018; Jubair et al.,

2021a] or more than 30% values are missing, then the marker is usually removed as

those markers do not bear any relevant information. To replace the missing values,
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one popular imputation techniques is k-nearest neighbour. For example, at �rst, the

k-nearest genotypes of the genotype of interest are identi�ed. From those genotypes,

the missing value is replaced by the most frequent value for the speci�c marker.

Most neural networks consist of a linear equation that multiplies a weight vector

with a feature vector [LeCun et al., 2015; Dong et al., 2021]. If a feature is represented

with a zero, it means the feature will not have any in
uence on the �nal outcome as

the resulting multiplication between the weight and feature will also be zero. Thus,

providing traditional marker data as input to the deep learning models may result

in a loss of information. This may lead us to think that representing the allele with

other categorical values such as 1, 2 and 3 will solve this issue. This leads to another

problem as multiplying weights with a high value of a speci�c allele may mislead

the deep learning model to give higher priority to that speci�c allele. To solve these

problems, one-hot encoded vector [Liu et al., 2019b] or Hardy-Weinberg equlibrium

can be used to represent markers [Jubair et al., 2021a]. A one-hot encoded vector is an

n dimensional sparse vector wheren is the number of alleles of a speci�c marker. Each

allele of a marker is associated with a speci�c position in the vector. If that allele is

present in the marker, the speci�c position for the allele is represented with 1 and other

positions with 0. Sometimes, an extra position is also added to the one hot encoded

vector to represent missing values [Liu et al., 2019b]. As an alternative to categorical

encoding and one hot encoded representation, markers can also represented by their

allele frequency [Jubair et al., 2021a], which can be obtained following the Hardy-

Weinberg equilibrium formula. For example, suppose, in 10 genotypes, alleleAA , Aa

and aa for a speci�c marker occurs 6, 3 and 1 times respectively. Then the frequency
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of AA , Aa and aa is 0.6, 0.3 and 0.1 respectively.

The environment of crops comprises weather, soil and �eld management data.

Weather information, such as maximum and minimum temperature, precipitation,

vapour pressure, wind speed and radiation, plays an essential part in GS for multi-

environmental trials [Shook et al., 2020; Khaki and Wang, 2019; Khaki et al., 2020;

Gangopadhyay et al., 2020]. Weather information can be integrated as daily, weekly,

monthly or yearly averages based on the architecture of the deep learning model

[Khaki and Wang, 2019; Khaki et al., 2020; Washburn et al., 2021]. In addition,

soil information such as percentage of clay, silt and sand, water capacity, soil pH,

number of irrigation, organic matter, and cation-exchange capacity also plays a vital

role [Washburn et al., 2021]. Sometimes, �eld management information such as the

number of irrigations, sowing pattern of crops, amount of water used in irrigation,

and amount of fertilizer or insecticide applied is also recorded. These can also be

integrated with soil data as they carry valuable information [Washburn et al., 2021].

As the variables from environmental information are in di�erent ranges, these vari-

ables are usually scaled by zero-centering as a pre-processing step. Table 2.2 shows

an example of genotyped and environmental data after pre-processing.

2.3 Deep Learning

In recent years, Deep Learning has emerged as a leading paradigm for supervised

machine learning tasks. Signi�cant innovation has occurred in diverse areas like

Natural Language Processing, Computer Vision and Bioinformatics [Dong et al., 2021;

Li et al., 2020; LeCun et al., 2015]. The dominant paradigm in DL is a network. A
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Markers Weather Variables Soil Variables Field Management

Envs Geno M 1 ... M D
W1

t = 1
...

Ww
t = T

S1 ... Ss F1 ... Ff

Env 1 Geno1 0.6 ... 0.4 0.32 ... 0.27 0.2 ... 0.15 0.4 ... 0.6
Env 1 Geno2 0.2 ... 0.4 0.32 ... 0.27 0.2 ... 0.15 0.2 ... 0.21
Env 2 Geno3 0.6 ... 0.4 0 ... 0.4 0.32 ... 0.24 0.25 ... 0.05
Env 3 Geno4 0.6 ... 0.2 0.65 ... 0.1 0.3 ... 0.31 0.4 ... 0.1
... ... ... ... ... ... ... ... ... ... ... ... ... ...
... ... ... ... ... ... ... ... ... ... ... ... ... ...
Env k Genon 0.2 ... 0.4 0.65 ... 0.1 0.3 ... 0.31 0.2 ... 0.1

Table 2.2: An example of genotyped and environmental data after pre-processing in a
tabular format. In this example, each genotype hasD markers after removing minor
alleles and imputing missing values. Marker values are represented by their allele
frequency. There arew weather variables where each weather variables are divided
in T time steps. Apart from the weather variables, there ares soil variables andf
�eld management variables too. All the data are normalized.

deep learning network is made up of blocks and each block has several di�erent types

of layers. A block usually contains multiple layers of one or more neural networks,

activation function, normalization layer and regularization layer [Dong et al., 2021;

LeCun et al., 2015]. In this section, we discuss each of the layers of neural network

blocks and describe the function of the most common layers. It is worth mentioning

that we chose these layers based on their usage in previous research conducted in GS.

In a deep learning model, the layers between the input and output are called

hidden layers. Each layer consists of several nodes called neurons where we receive

input and perform computation on the data from previous layers. Typically, the

neural network layer contains one or more feed-forward [Bebis and Georgiopoulos,

1994], convolution [Kim, 2017; Kiranyaz et al., 2021] or Long Short-Term Memory

(LSTM) [Hochreiter and Schmidhuber, 1997; Yu et al., 2019b] layers (discussed in

section 2.3.1). As these neural networks are generally linear functions, activation

functions such as ReLU and sigmoid are applied to the output of the neural network

layer to introduce non-linearity (discussed in section 2.3.2). Normalization and reg-
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ularization layers such as L1, L2 and dropout are applied after the activation layer

to generalize the model to avoid over�tting (discussed in section 2.3.3). Figure 2.1

shows the general architecture of a deep learning method.

Figure 2.1: General architecture of a deep learning algorithm. All the layers between
the �rst and last layer are called hidden layers. The �rst layer is the input layer and
the last layer is the output layer. A neural network layer is typically followed by an
activation function and then by normalization and regularization layers. Based on the
architecture of the deep learning model, some of these layers, such as normalization
and regularization layers, may not be present in a block.

2.3.1 Neural Networks

Fully Connected Neural Networks

A fully connected neural network (FNN), often referred to as a linear layer, is an

Arti�cial Neural Network where all the neurons of the previous layer are connected

to each neuron of the current layer. The mathematical operation of the fully connected
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neural network can be compared ton linear regression methods [Montgomery et al.,

2021] wheren is the number of hidden neurons of the current layer. A deep fully

connected neural network is often called Multi-Layer Perceptron (MLP). Figure 2.2

shows a fully connected network.

Figure 2.2: An example of fully connected layer.x i is the input and wi is the weight.
The weights are initialized randomly and are optimized iteratively for prediction. In
GS, x i is the marker.

MLPs have been applied to predict phenotypes both in single environment trial

[Jubair and Domaratzki, 2019; Jubair et al., 2021a; Gonz�alez-Camacho et al., 2016;

Gianola et al., 2011; Montesinos-L�opez et al., 2019a] and multi-environment trial

Khaki and Wang [2019]; Montesinos-L�opez et al. [2018b]. In case of single envi-

ronment trials, the input is the genotyped data of crops. When the prediction of

phenotypes is for multi-environment trials, additional information such as environ-

mental data are concatenated with the genotyped data. This concatenated vector

is the input of the feed-forward networks and the output is the environment-speci�c
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predicted yield [Khaki and Wang, 2019].

Convolutional Neural Networks

Convolutional neural networks are a successful model of DL that employ convolution

operations to incorporate targeted regions of input in decision making [Li et al., 2021].

A convolution operation summarizes point-wise multiplication between a small kernel

that slides over the input of the convolution layer. The weights of the kernels are

shared across all the sliding windows. These kinds of neural networks are known

for capturing local information within the data since, in each sliding window, the

network is on a small subset of the data [Dong et al., 2021; LeCun et al., 2015].

Convolution operations were �rst developed in vision to help identify features of an

image in a restricted window as the spatial information in the image plays a vital

role in most vision applications [Li et al., 2021; Dong et al., 2021]. The applications

of convolutional neural networks have also been extended to other domains such as

GS [Zingaretti et al., 2020; Jubair and Domaratzki, 2019; Liu et al., 2019b; Ma et al.,

2018].

There are three types of convolution, conv1D, conv2D and conv3D, available in

di�erent deep learning frameworks [Abadi, 2016; Chollet et al., 2018; Paszke et al.,

2017]. The choice of the convolution layer depends on the dimension of the input

to the convolution layer. In GS, as the data is generally one-dimensional, conv1D is

typically used [Ma et al., 2018]. As the genotyped data is often categorical (1, 0, -1),

the marker data can also be converted to a one-hot encoded vector which will be the

input of a conv2D layer [Ji et al., 2021; Avsec et al., 2021; Washburn et al., 2019;
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Liu et al., 2019b]. Figure 2.3 shows an example of how 1D convolution works. In

this example, a sequence of length 5 is processed with a kernel of size 3 and stride

1. The weights of the kernel are randomly initialized. A point-wise multiplication

operation between the input window (in this example, the input window = 3) and

the kernel takes place and after that an aggregation operation is performed. As the

stride = 1, the input window then shift one space and the same operation of point-

wise multiplication and aggregation takes place. This continues until the total input

space is covered. The result is a sequence of length 3 where each neuron bears spatial

information of the sequence.

To apply a convolutional neural network to multi-environment trials, the algorithm

should be developed carefully as a concatenated input vector of environment, genetic

and soil data may not properly represent relationships between di�erent data sources.

The reason is that since the sliding window of a convolution operation captures local

information, a convolution operation on the concatenated vector may not properly

re
ect the e�ect of environment on the genetic data, as these are represented in regions

of the concatenated vector that are not adjacent. To solve this problem, di�erent types

of neural networks can be employed on di�erent types of data [Washburn et al., 2021;

Khaki et al., 2020; Sharma et al., 2022]. The predictions from di�erent networks can

be combined to obtain an overall prediction.

Recurrent Neural Networks

Recurrent neural networks (RNNs) are distinct from both MLPs and CNNs as they

are not feed-forward. Neurons in RNNs may have connections to themselves. RNNs
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Figure 2.3: An example of convolution operation on a one dimensional input vector.
In GS, x i is a marker.

are a family of neural networks, such as Long Short Term Memory (LSTM) [Hochre-

iter and Schmidhuber, 1997] and Gated Recurrent Unit (GRU) [Cho et al., 2014],

that typically work with time-series and sequence data [Hochreiter and Schmidhuber,

1997]. These networks have been successfully applied in weather prediction [Qing



Chapter 2: Crop genomic selection with deep learning and environmental data: a
survey 25

and Niu, 2018; Salman et al., 2018; Yu et al., 2019a] and in GS [Shook et al., 2020].

Particularly, LSTM has been applied in genomic selection task mostly with envi-

ronmental information [Shook et al., 2020]. LSTM either preserves or forgets past

information for future prediction by applying a particular structure called gates. The

input of LSTM is time-steps or sequences and the output depends on all the previous

time-steps or sequences. As LSTM are applicable to time-series data, the use with

environmental data in GS allows the networks to e�ciently summarize large-scale

data. We refer the readers to the review on LSTM by Yu et al. [2019b] to know more

about LSTM.

Generally, in multi-environment GS, historical weather information is the input

to the RNNs. Genetic information is incorporated in the later part of the network

[Shook et al., 2020]. As the genetic information is not a time series data in nature,

this part of the network generally does not contain any LSTM layers. The outcome

is the predicted phenotypes for a speci�c weather condition.

Transformers

Transformers are another type of neural networks that transform one sequence to

another sequence. That is, the transformer architecture is designed to take a sequence

as input but also produce a sequence as output [Vaswani et al., 2017; Jubair et al.,

2021a; Ji et al., 2021; Le et al., 2022], as opposed to a single value, which is the

output of MLPs or and CNNs. The transformer architecture contains an encoder

and a decoder. This encoder and decoder can be used separately or together. The

transformer encoder has been applied in GS [Jubair et al., 2021a] and other �elds such
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as DNA representation learning [Ji et al., 2021; Le et al., 2022] and gene expression

prediction of humans [Avsec et al., 2021]. Here, we discuss only the transformer

encoder to predict crop traits.

The main building block of a transformer encoder is the multi-head attention layer

which applies self attention [Vaswani et al., 2017]. In GS, self-attention measures how

important a marker is with respect to other markers for the phenotype prediction.

Thus, the self attention captures the relationship of distant markers that in
uence the

�nal phenotypic outcome [Jubair et al., 2021a]. Usually, the importance of markers

with respect to a speci�c markerm is represented in a vector called attention vector.

If multiple attention vectors are generated per marker, the �nal attention vector is the

weighted average of all the attention vectors. The multiple attention vector is called

multi-head attention. Apart from the multi-head attention layer, a transformer also

contains a feed-forward neural network and layer normalization. Figure 2.4 shows a

transformer encoder. The input of the transformer can be a one hot encoded vector

or the genotype frequency [Jubair et al., 2021a; Avsec et al., 2021]. The embedding

layer then embeds each marker to ad dimensional expanded representation. Usually

a feed-forward neural network or a convolutional neural network is applied to embed

the input features. The embedded representation of the markers are the input of the

attention layers of the transformer.

2.3.2 Activation Functions

The previous discussion shows that neural networks typically compute a linear func-

tion. However, as it is known that complex traits such as yields are non-linear,
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Figure 2.4: A transformer encoder. HereN representsN transformers can be stacked
together.

we need to introduce non-linearity in the network. Activation functions introduce

non-linearity to the network by deciding which neuron should be activated. Each ac-

tivation function addresses di�erent limitations; see the survey of Szanda la [2021] for

information on di�erent activation functions used in the literature. However, sigmoid,
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ReLU and tanh are the most widely used activation functions for GS [McDowell, 2016;

Ma et al., 2018; Jubair and Domaratzki, 2019; Khaki and Wang, 2019; Shook et al.,

2020; Khaki et al., 2020; Washburn et al., 2021; M�al�y et al., 2021]. Hence, we provide

an overview of these activation functions below.

The sigmoid activation produces the output neuron between 0 to 1 by applying the

sigmoid function [Szanda la, 2021; Dubey et al., 2022]. Though the sigmoid function

is one of the most used activation functions, it su�ers from the vanishing gradient

problem, that is, the gradient of the loss function approaches zero, which causes the

model parameters of the DNN to not update or update very slowly. It is also not zero

centered, causing di�culties during optimization.

The tanh activation function solves the zero centered problem as the output of

this function ranges from -1 to 1 [Szanda la, 2021; Dubey et al., 2022]. However, it

su�ers from vanishing gradient problem, as very high value and very low value of the

input neuron will be mapped to -1 and 1 and other values will be towards zero.

ReLU (Recti�ed Linear Unit) is the most popular activation function which ranges

from 0 to 1 [Szanda la, 2021; Dubey et al., 2022]. It solves the vanishing gradient

problem and because of the simplicity of the function, it converges quicker than other

activation functions.

2.3.3 Regularization Layer

A regularization layer helps DL algorithms avoid over�tting and leads to better gener-

alization by reducing the model complexity [Kuka�cka et al., 2017; Moradi et al., 2020].

The most popular generalization techniques employed in GS are L1, L2 and dropout
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regularizer. L1 regularization calculates the summation of the absolute value of the

weight vectors while trying to estimate the median of the data. On the other hand,

L2 regularization calculates the summation of the square of the weight vector that

tries to estimate the mean of the data. Dropout [Srivastava et al., 2014] is the most

popular regularization technique. Dropout regularization randomly drops a neuron

with a probability p and thus reduces the complexity of the model.

2.3.4 Loss Functions

A loss function calculates the loss between the observed phenotype and predicted

phenotype during training. The most popular loss function for GS is mean squared

error (MSE). MSE measures the average squared di�erence between the observed

and predicted phenotypes [Shook et al., 2020; Khaki and Wang, 2019; Khaki et al.,

2020; Rachmatia et al., 2017a; Ma et al., 2018; Jubair et al., 2021a]. Categorical

cross entropy has also been applied as the loss function where the prediction task is

converted to a classi�cation problem [Gonz�alez-Camacho et al., 2016].

2.3.5 Optimization

The objective of training is to optimize the DNN. For optimizing, after each iteration,

the weights need to be adjusted to minimize the loss function. An iteration over the

whole training set is called an epoch. Optimizers adjust the weights by applying

certain algorithms and optimizing the loss function [LeCun et al., 2015; Dong et al.,

2021]. Optimization functions typically apply gradient descent to optimize the weights

of the neural networks. The gradient measured is in relation to the loss function, that
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is, between the true and predicted value of the network as it currently predicts at this

point in training. Stochastic Gradient Descent (SGD) [Ruder, 2016] is an optimizer

that uses a subset of the training data to calculate and update the gradient of each

weight. It uses a hyper-parameter called the learning rate to control how much it

will adjust the weights from each iteration. There are also some algorithms that

employ an adaptive learning rate strategy such as Adagrad [Ruder, 2016] and Adam

[Kingma and Ba, 2014]. Instead of using a �xed learning rate for all the weights, they

use di�erent learning rates for each of them. Adam calculates the �rst and second

moments of the gradients and updates weights based on this calculation. For more

detail on Adam and other optimization methods, we refer the readers to the review

by Sun [2020].

2.3.6 Performance Metrics

Performance metrics measure the performance of a machine learning model on a test

dataset, which indicates how well the model will perform in production. As the ulti-

mate goal is to rank genotypes to create a new cultivar, most of the research applied a

correlation based performance metric such as Pearson Correlation Coe�cient (PCC),

or a ranking based measure such as Normalized Distributed Cumulative Gain (nDCG)

[J•arvelin and Kek•al•ainen, 2017]. Some research also applied MSE as the performance

metric.

PCC measures the linear relationship between the predicted phenotypes and the

true phenotypes. PCC values range from -1 to 1 where a perfect linear relationship is

indicated by 1 and completely non-linear relationship is indicated by -1. The formula
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of PCC is given below:

r =
P

(x i � �x)(yi � �y)
q P

(x i � �x)2 P
(yi � �y)2

In the above equation,x i is the observed phenotype, �x is the mean of observed

phenotype,yi is the predicted phenotype and �y is the mean of predicted phenotype.

nDCG@k is a key measure for GS because it measures the quality of the ranking

of the predicted phenotypes for the topk individuals [J•arvelin and Kek•al•ainen, 2017;

Jubair and Domaratzki, 2019]. The formula for calculating nDCG@k is given below:

nDCG@k =
DCG@k
IDCG @k

In the above equation,DCG@k means the discounted cumulative gain for the top

k individuals. DCG@k measures the graded relevance of topk predicted genotypes.

On the other hand, IDCG @k is the ideal DCG for the top k genotypes. The value

of nDCG@k ranges from 0 to 1 where nDCG@k is 1 for perfectly ranked genotypes.

nDCG was previously employed for measuring performance in GS by Ma et al. [2018]

and then adopted by Jubair and Domaratzki [2019].

2.3.7 Training, Test and Validation Set

Supervised machine learning algorithms learn from the training data and their cor-

responding labels. Validation data is used to optimize the parameter of a machine

learning algorithm while the �nal performance is measured on the test data. Dur-

ing training, the input of the DL algorithm is both genotyped and phenotyped data,
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with phenotypes being our target value to predict. An iteration for training a DL

algorithm is called an epoch. After each epoch, the DL algorithm is validated on

validation data to decide on the necessity of further training. During the validation

step, the input to the DL algorithm is genotyped data while the model predicts the

phenotypes. A loss between actual and predicted phenotypes for the validation data

is measured. The training stops if there is no improvement in validation loss inn

consecutive epochs. The �nal performance of the DL model is measured on the test

data with the model that is obtained from the last most succesful epoch.

For a single environment trial, k-fold cross validation can be applied to divide the

data into training, test and validation sets. [Runcie and Cheng, 2019] recommended

separating the training data and test data �rst and then applying k-fold cross valida-

tion on training data to divide the data in k training and validation sets [Refaeilzadeh

et al., 2009].

For a multi-environment trial, a deep learning model can be evaluated in four

scenarios, as described by [Gillberg et al., 2019]. In the �rst scenario, the authors

used the trained model to observe the test lines in some environments. As some

environments did not contain the test lines, the objective is to estimate traits of un-

observed lines in those environments. In the second scenario, some lines are observed

in some environments, but a subset of lines in the test set were never observed in any

environments. The second scenario is more complex than the �rst one as the machine

learning model has no prior knowledge of the test lines from any environment. In the

third scenario, the machine learning model did not observe the environment where

we want to grow the genotypes; however, the genotypes may be observed in other set-
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tings. The goal here is to predict traits for this new environment. Finally, the fourth

scenario is the most extreme case of all scenarios. In this scenario, machine learning

models do not have any prior information about the test lines and environment. That

is, both lines and environments are new to the model and the objective is to predict

traits for these new lines in a new environment.

In classical linear models, such as extensions to Genomic Best Linear Unbiased

Prediction (GBLUP), environments are treated as a discrete category or as a re-

lationship matrix between environments [Crossa et al., 2016a; Cuevas et al., 2016;

de Los Campos et al., 2010; Endelman, 2011; Hassen et al., 2018; Lopez-Cruz et al.,

2015; P�erez and de Los Campos, 2014; P�erez-Elizalde et al., 2015]. Because of this,

only the �rst two scenarios can be simulated, as environments unknown to the train-

ing set cannot be modeled. This demonstrates power of using deep learning models

that are capable of incorporating heterogenous weather data directly into predictive

models. In the examples we see in section 2.5, deep learning models that incorporate

weather data directly are capable of being evaluated in all four scenarios. However,

the extent to which all these evaluations are performed varies.

2.4 Deep Learning Methods for Single Environ-

ment Trials

Single environment trials have been the subject of many approaches. The main

objective of GS for a single environment trial is to develop a new cultivar of crops for

that speci�c environment. A variety of deep learning models have been demonstrated
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to be successful for single environment datasets and building a new cultivar for crops

[Tong and Nikoloski, 2021; P�erez-Enciso and Zingaretti, 2019]. During the training

phase of a deep learning algorithm, the typical inputs to the neural networks are the

genotyped data and phenotypes. The model learns from these observed data, and

then, after learning, it predicts the phenotypes of unobserved genotypes. From the

predicted phenotype values, the topk genotypes are chosen as potential candidates

for new varieties. Figure 2.5 shows how a new cultivar is developed by applying

machine learning.

DL models have received a signi�cant amount of attention recently [P�erez-Enciso

and Zingaretti, 2019] and can predict complex traits. DL methods have been mostly

either based on fully connected networks or convolutional neural networks, with the

exception of the early neural networks for genomic selection [Gianola et al., 2011;

P�erez-Rodr��guez et al., 2012; Gonz�alez-Camacho et al., 2012]. Below, we discuss

the advancement and motivation of di�erent neural networks for single environment

trials.

Early implementations of neural networks in GS were mostly based on Bayesian

Regularization, known as Bayesian Regularization Neural Network (BRNN) and Ra-

dial Basis Function Neural Network (RBFNN). Since some phenotypes follow a Gaus-

sian distribution for some species, this works as the motivation to apply BRNN and

RBFNN. Bayesian Regularization assumes the weights of the neural network come

from a Gaussian distribution and calculates the loss between predicted phenotypes

and true phenotypes by applying the Bayesian probabilistic approach. RBFNN, on

the other hand, applies the radial basis function on each hidden neuron and thus,
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Figure 2.5: Work
ow of genomic selection in single environment trial. For collecting
training data, plants are grown in a �eld trial and phenotypes were measured. These
plants are also genotyped. After obtaining both genotyped and phenotyped data,
a machine learning model is trained during the training phase with both types of
data. After the machine learning model is trained, potential genotypes that will be
grown in the �eld are genotyped. These genotyped data are the input to the trained
machine learning model. The machine learning model estimates the phenotypes. The
estimated phenotypes are ranked and the top k phenotypes are chosen to select new
varieties that will be grown in the �eld.

works as an activation function. These networks usually have one input layer, one

hidden layer and an output layer. Gianola et al. [2011] proposed a BRNN for ge-

nomic selection and applied their framework to predict wheat yield. They com-

pared the model with Bayesian Ridge Regression and observed an improvement of
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11% to 18% with their BRNN model depending on the number of hidden neurons.

P�erez-Rodr��guez et al. [2012] compared two di�erent shallow neural networks: BRNN

and RBFNN with linear statistical models such as Bayesian ridge regression (BRR)

[Bishop and Tipping, 2003], Bayesian LASSO [Hans, 2009], BayesA [Meuwissen et al.,

2001], and BayesB [Meuwissen et al., 2001] on twelve di�erent single environment tri-

als and two phenotypes, grain yield and days to heading. Though there was no single

winner for all traits and phenotypes, the research showed that non-linear models per-

form better than linear statistical models in general. Similar research is conducted

by Gonz�alez-Camacho et al. [2012], which applied RBFNN on twenty-one traits of

maize. The results showed that RBFNN performs similarly or better than statistical

models.

After the moderate success of BRNN and RBFNN, researchers have applied shal-

low fully connected neural networks to GS. The shallow fully connected neural net-

works usually contain one or two hidden layers. Gonz�alez-Camacho et al. [2016] con-

ducted a large study between a probabilistic ANN (PNN) and shallow MLP model

on 33 datasets comprising wheat and maize. The PNN model is the extension of

RBFNN where a softmax activation function is applied to convert the output of the

RBF kernel layer to a probability of c classes. The shallow MLP model consists of two

hidden layers and also predicts a class as the output. As their model predicts a class,

they transformed the regression problem into a classi�cation problem by dividing the

data into three categories of yield, where the top category contains 30%, the middle

category is 40% and the bottom category is the remaining 30%. The results showed

that the PNN is better than the shallow MLP model for classi�cation.
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McDowell [2016]'s M.Sc. thesis also employed three shallow fully connected neu-

ral networks to GS consisting of one to three hidden layers. In their shallow models,

they also employed di�erent regularization techniques such as L2 and dropout reg-

ularization on some benchmark datasets, such as wheat and maize. Overall, the

single hidden layer regularized neural networks performed better than the unregular-

ized ones. The research showed that though increasing the number of hidden layers

decreases the performance of their model, the neural networks are as good as the

statistical models.

Rachmatia et al. [2017a] proposed a di�erent model than MLP known as Deep Be-

lief Network (DBN). The motivation of applying DBN is to learn the genetic structure

of the genomic data for a speci�c phenotype prediction. DBNs are usually applied in

a semi-supervised setting where only a limited portion of the data is labelled. Thus

from all the available genomic data, it �rst tries to identify the pattern within the

data by applying Restricted Boltzman Machine (RBM) [Zhang et al., 2018] blocks.

Each RBM block in the DBN focuses on learning the probability distribution of its

previous layer and, in the end, produces a feature vector for each input. This feature

vector is the input to an output layer that predicts the phenotypes. Rachmatia et al.

[2017a] employed three block RBMs to predict both additive and non-additive e�ect

phenotypes of maize, such as grain yield, female 
owering, male 
owering, and the

anthesis-silking interval. The results showed that while the DBN is better than the

existing statistical methods (BLUP and Bayesian LASSO) for predicting non-additive

phenotypes, the performance for additive phenotypes drops signi�cantly below BLUP

by 3.5% to 7.5% for di�erent traits.
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Though most of the research has found that machine learning performs better

than the statistical methods [Ma et al., 2018; McDowell, 2016; Rachmatia et al.,

2017a], Montesinos-L�opez et al. [2019a] found that statistical methods are as good as

machine learning methods and that SVMs [Hearst et al., 1998] are better than fully

connected deep learning models. However, they also discussed the reason for the low

performance of DL methods might be because of the small dataset they used, which

only contained 270 wheat lines.

To the best of our knowledge, DeepGS [Ma et al., 2018] was the �rst method

that applied CNN for GS. As GS data are high dimensional, DeepGS employed a

combination of convolution, dropout and pooling layers. Conceptually, the adoption

of CNN, with strides and window size, allows the possibility to integrate the e�ect of

proximal markers and later when a linear layer is applied, capture the overall in
u-

ence of markers on the phenotype. Ma et al. [2018] used a ranking procedure called

Mean Normalized Cumulative Gain to rank the predicted individuals and obtained

2% to 7% improvements in the ranking of traits such as grain length, grain width,

grain hardness, thousand-kernel weight, test weight, sodium dodecyl sulphate sedi-

mentation, grain protein, and plant height, compared to RR-BLUP. They also showed

that the selection of input markers and reducing the data dimension improved the

performance of the deep learning model.

Jubair and Domaratzki [2019] proposed an ensemble CNN model to predict six

traits of wheat. Each CNN model in the ensemble is created by a subset of ran-

domly selected markers from the marker set. The �nal output is the average of the

models in the ensemble. They compared their model with other non-ensemble and
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ensemble machine learning methods such as: support vector regression (SVR), CNN,

ensemble SVR and Random Forests [Breiman, 2001] and RRBLUP. The work showed

that overall ensemble machine learning methods are 20 to 30% better than single ma-

chine learning methods and slightly better than RRBLUP in correlation coe�cient

and genotype ranking. The notable observation from this research is when CNNs

are applied on a random marker set, the model still performs well, indicating little

importance of the spatial relationship of GS for wheat. This observation also aligns

with the observation of Ma et al. [2018].

Liu et al. [2019b] applied a dual-CNN architecture where after the input layer, they

applied two separate streams of CNN that are not connected. The �rst stream has

two CNN blocks and the second stream has one CNN block. The motivation behind

employing two CNN streams is to use the second stream as a residual connection to

the �rst CNN stream by aggregating two CNN streams together. The aggregated

output is then passed to another CNN block, followed by a fully connected block

for further processing and predicting phenotypes. Their model is trained and tested

on a soybean dataset which performs better than DeepGS [Ma et al., 2018], MLP

and statistical methods such as RRBLUP, BRR, BayesA and Bayesian Lasso. The

saliency map they applied also showed that the dual stream CNN model puts more

importance on known biologically important markers for the speci�c traits.

There have been some other researches that employed CNN with limited success.

Zingaretti et al. [2020] applied CNN in two polyploid species: strawberries and blue-

berries for predicting �ve di�erent phenotypes. Their study showed that while CNN

outperformed statistical models and Reproducing Kernel Hilbert Spaces (RKHS) for
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