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Abstract

One of the significant 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 influences the crop development by interacting with

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

meaningful information from different 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-specific markers and global markers that are not related to any environ-
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ment but to a specific 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 different 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 sufficient 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 effort 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 suffer 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



Chapter 1: Introduction 2

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 financial constraints and prices of agrifood [Tarasuk et al., 2022].

FAO FOOD INSECURITY MAP
Prevalence of Moderate or Severe Food Insecurity

SDG Indicator 2.1.2

Source: FAO, IFAD, UNICEF, WFP and WHO. 2022. The State of Food Security and Nutrition in the World 2022. Repurposing food and agricultural 
policies to make healthy diets more affordable. Data are available on FAOSTAT (https://www.fao.org/faostat/en/#data/FS)

The boundaries and names shown and the designations used on these map(s) do not imply the expression of any opinion whatsoever on 
the part of FAO concerning the legal status of any country, territory, city or area or of its authorities, or concerning the delimitation of its 
frontiers and boundaries. Dashed lines on maps represent approximate border lines for which there may not yet be full agreement.

Final boundary between the Republic of Sudan and the Republic of South Sudan has not yet been determined. Dotted line represents 
approximately the Line of Control in Jammu and Kashmir agreed upon by India and Pakistan. The final status of Jammu and Kashmir has not 
yet been agreed upon by the parties.

0% -  9.9%

10% - 24.9%

25% - 39.9%

40% - 59.9%

60% - 79.9%

80% - 100%

Percent of the total population

Data not available or not country validated

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 floods and droughts [Van Meijl et al., 2018; Bourgault et al., 2018;

Nawaz and Chung, 2020]. Different 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 specific locus.

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

genes and influenced 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 different 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, identification of quantitative trait loci for a

specific trait [Boudhrioua et al., 2020; Zhang et al., 2019; Zegeye et al., 2018; Tang

et al., 2018] and for estimating genomic breeding values for different 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 [Heffner et al., 2009] due to the insufficient training population size

that sometimes causes underfitting of the statistical models [Dekkers and Hospital,

2002; Schön 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 affected

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

positively affect the traits based on different 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

[Burgueño et al., 2012; Cuevas et al., 2017; Ferrão 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 differ for different 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; Måløy 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 different 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 [González-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 first 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 field notes to predict environment specific 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-specific top lines of wheat successfully in two

different 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 different 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 effect of feature selection on

genomic prediction using mutual information and examine the biological rele-

vance of the top markers identified 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 specific 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-specific 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 field 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 affected by multiple markers. On

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

deep learning models, using datasets that span different 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 sufficient 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 affects 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 significant decrease in crop production [Bourgault et al., 2018; Nawaz and Chung,

2020]. Though several regions will benefit from the effect 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 suffer from hunger and deficiency 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 affordable 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 defines

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), first defined 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 specific environment [Meuwissen et al., 2001; Heffner 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 differences 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-

López 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 specifically 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 [Burgueño et al., 2012; Cuevas et al., 2017; Ferrão 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 different

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) [Pérez-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 differently in different environmental conditions [Millet et al., 2019],

an effect known as genome by environment interaction (GxE). This leads to differences

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 effect 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 differ 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-López 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 specifically

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-López

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 different 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; Heffner 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 M1 M2 ... ... 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 contains D markers and N 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 first, the

k-nearest genotypes of the genotype of interest are identified. From those genotypes,

the missing value is replaced by the most frequent value for the specific 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 influence on the final 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 specific allele may mislead

the deep learning model to give higher priority to that specific 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 where n is the number of alleles of a specific marker. Each

allele of a marker is associated with a specific position in the vector. If that allele is

present in the marker, the specific 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, allele AA, Aa

and aa for a specific 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 field 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, field 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 different 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. Significant 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 M1 ... MD
W1

t = 1
...

Ww

t = T
S1 ... Ss F1 ... Ff

Env1 Geno1 0.6 ... 0.4 0.32 ... 0.27 0.2 ... 0.15 0.4 ... 0.6
Env1 Geno2 0.2 ... 0.4 0.32 ... 0.27 0.2 ... 0.15 0.2 ... 0.21
Env2 Geno3 0.6 ... 0.4 0 ... 0.4 0.32 ... 0.24 0.25 ... 0.05
Env3 Geno4 0.6 ... 0.2 0.65 ... 0.1 0.3 ... 0.31 0.4 ... 0.1
... ... ... ... ... ... ... ... ... ... ... ... ... ...
... ... ... ... ... ... ... ... ... ... ... ... ... ...
Envk 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 has D markers after removing minor
alleles and imputing missing values. Marker values are represented by their allele
frequency. There are w weather variables where each weather variables are divided
in T time steps. Apart from the weather variables, there are s soil variables and f
field management variables too. All the data are normalized.

deep learning network is made up of blocks and each block has several different 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 overfitting (discussed in section 2.3.3). Figure 2.1

shows the general architecture of a deep learning method.

Neural
Network

Activation
Function

Normalization
Layer

Regularization
Layer

Neural
Network

Activation
Function

Normalization
Layer

Regularization
Layer

.

.

.

Neural
Network

.

.

.
Predicted 

Output

Block

Input

Figure 2.1: General architecture of a deep learning algorithm. All the layers between
the first and last layer are called hidden layers. The first 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

Artificial 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 to n linear regression methods [Montgomery et al.,

2021] where n 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.
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5
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Mathematical operation 
on a neuron

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

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

[Jubair and Domaratzki, 2019; Jubair et al., 2021a; González-Camacho et al., 2016;

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

Khaki and Wang [2019]; Montesinos-López 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-specific
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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 first 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

different 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 different 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

reflect the effect of environment on the genetic data, as these are represented in regions

of the concatenated vector that are not adjacent. To solve this problem, different types

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

Khaki et al., 2020; Sharma et al., 2022]. The predictions from different 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, xi 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
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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 efficiently 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 specific 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 fields 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 influence the

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

with respect to a specific marker m is represented in a vector called attention vector.

If multiple attention vectors are generated per marker, the final 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 a d 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. Here N represents N 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 different limitations; see the survey of Szanda la [2021] for

information on different 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; Måløy 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 suffers 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 difficulties 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

suffers 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 (Rectified Linear Unit) is the most popular activation function which ranges

from 0 to ∞ [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 overfitting and leads to better gener-

alization by reducing the model complexity [Kukačka 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 difference 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 classification problem [González-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 fixed learning rate for all the weights, they

use different learning rates for each of them. Adam calculates the first 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 Coefficient (PCC),

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

[Järvelin and Kekäläinen, 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 =

∑
(xi − x̄)(yi − ȳ)√∑

(xi − x̄)2
∑

(yi − ȳ)2

In the above equation, xi is the observed phenotype, x̄ is the mean of observed

phenotype, yi is the predicted phenotype and ȳ 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 top k individuals [Järvelin and Kekäläinen, 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 top k 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 final 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 in n

consecutive epochs. The final 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 first 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 first 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 first 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; Pérez and de Los Campos, 2014; Pérez-Elizalde et al., 2015]. Because of this,

only the first 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 specific environment. A variety of deep learning models have been demonstrated



Chapter 2: Crop genomic selection with deep learning and environmental data: a
survey 34

to be successful for single environment datasets and building a new cultivar for crops

[Tong and Nikoloski, 2021; Pérez-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 top k 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 significant amount of attention recently [Pérez-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;

Pérez-Rodŕıguez et al., 2012; González-Camacho et al., 2012]. Below, we discuss

the advancement and motivation of different 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: Workflow of genomic selection in single environment trial. For collecting
training data, plants are grown in a field 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 field 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 field.

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.

Pérez-Rodŕıguez et al. [2012] compared two different 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 different 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 González-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. González-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 classification 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 classification.
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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 different 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 different 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 specific 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 first 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 effect

phenotypes of maize, such as grain yield, female flowering, male flowering, 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 significantly below BLUP

by 3.5% to 7.5% for different 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-López 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 first 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 effect of

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

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 final 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 coefficient

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 first 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 first 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 specific 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 five different phenotypes. Their study showed that while CNN

outperformed statistical models and Reproducing Kernel Hilbert Spaces (RKHS) for
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epistatic traits, it was not as successful for additive and mixed traits. Pook et al.

[2020] showed the importance of dataset size while applying CNN in genomic se-

lection. In an arabidopsis dataset, they showed that increasing training data could

allow a CNN model to outperform state-of-the-art models such as GBLUP and MLP.

Sandhu et al. [2021c] applied MLP and CNN on multiple traits of spring wheat data.

Their research showed that no unique MLP or CNN models worked well with all

traits, since the number of hidden neurons, activation functions and the number of

hidden layers differs from trait to trait. While there is 0 to 5% improvement in corre-

lation score from RRBLUP with CNN and MLP, MLP performs consistently better

than CNN by a very small margin.

Self-attention is a recent mechanism in DL which identifies the relationship among

features and has been applied primarily to natural language processing [Devlin et al.,

2018; Liu et al., 2019a; Raffel et al., 2020]. One of the popular methods for incorpo-

rating self-attention is the transformer model. Though the transformer and attention

have not been the subject of much research for GS, they have been applied success-

fully in similar research areas [Ji et al., 2021; Avsec et al., 2021; Le et al., 2022].

Jubair et al. [2021a] proposed a transformer-based DL method for genomic selection.

The main motivation for employing the transformer in genomic selection was to cap-

ture and use the information on internal relationships between markers to predict

phenotypes. To the best of our knowledge, this was the first transformer-based DL

method for GS in a single environment trial. The model was trained on a barley

dataset to predict Fusarium Head Blight (FHB) and Deoxynivalenol (DON) content

in barley. Their work showed that even with a small amount of data (400 genotypes),
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the transformer-based DL method can be as good as or better than the state-of-the-

art GS methods such as BLUP. It also outperformed other machine learning methods

such as MLP, linear regression and decision trees. However, the authors also men-

tioned the limitation of the transformer in terms of memory and time complexity, as

it needs a massive amount of memory and computation time and may not be feasible

to consider all markers representing the whole genome.

Montesinos-Lopez et al. [2021] proposed an MLP model that applied negative log-

likelihood of Poisson distribution as the loss function to predict counts of symptomatic

spikelets of Fusarium Head Blight (FHB) in wheat in three different environments.

The model was compared with the MLP model without the Poisson loss, Generalized

Poisson Ridge regression, Generalized Poisson Lasso regression, Generalized Poisson

Elastic net regression, Bayesian normal Ridge regression and Bayesian log normal

Ridge regression. The MLP model with negative log-likelihood of Poisson distribu-

tion loss was better than the normal MLP model and performed similarly to Bayesian

normal Ridge regression. The use of Poisson distributions in this research was mo-

tivated by the particular phenotype of FHB-affected spikelets: Poisson distributions

are an accurate model for situations when counting of some quantity. The authors

note that this extends beyond physical counts (as of spikelets) but to other situations

as well, like laboratory test results and adverse drug events. Further attention is

necessary for integrating Poisson models, as they are not commonly used in many

datasets that fall into these categories.

Ubbens et al. [2021] also explained deep learning for GS. The work examined a

kernel method for masking marker data while making prediction, to investigate the
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role that other factors, such as marker location, play on prediction. The authors con-

cluded that deep learning models for GS may suffer from so-called shortcut-learning

[Geirhos et al., 2020], where models learn from contextual information that is cor-

related with the outcome variable rather than the intended data, which in this case

is the marker data. This suggests that further attention is necessary for using deep

learning with GS. This also gives motivation for incorporating environmental data

into models, as this yields larger data set and may mitigate overfitting.

2.5 Deep Learning Methods for Multi-Environment

Trials

The previous section shows that deep learning methods can predict complex traits in a

single environment trial. However, extending models to multi-environmental datasets

is challenging [Oakey et al., 2016; Crossa et al., 2017; Rincent et al., 2017]. Here,

a multi-environment deep learning model is defined as a deep learning architecture

that takes environmental and/or genetic data as the input and predicts phenotype

for a specific environment. Though the ideal scenario is training a model with geno-

typed data along with weather, soil and field management information [Khaki and

Wang, 2019; Washburn et al., 2021], some of this data is sometimes not available and

some of the multi-environment models are developed with environmental data only

[Shook et al., 2020; Lin et al., 2020; Khaki et al., 2020; Zhong et al., 2022]. Since

in a multi-environment task, our goal is to estimate phenotypes of a crop in a new

environment, the machine learning model typically needs field trialled data in many
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different environments. An environment is the growing cycle of a crop; for example,

if a crop is grown multiple times of the year in the same field, each instance will

be a different environment. As crops need to be grown numerous times in various

locations, collecting these data may take years before it is possible to train a ma-

chine learning model [Spindel and McCouch, 2016]. In addition, as the sources and

types of data are different (genetic, weather, soil and field management data), the

machine learning model can become very complex. Figure 2.6 shows the workflow of

a multi-environment trial.

We have discussed single trait trials, where the deep learning model estimated

one phenotype. There have been studies that develop multi-trait deep learning mod-

els for multi-environment trials, to predict multiple phenotypes simultaneously. The

intuition behind this approach is that deep learning models will capture the informa-

tion of common factors as well as phenotype-specific factors to predict phenotypes.

Montesinos-López et al. [2019c] proposed an MLP containing three hidden layers

and an output layer with three neurons to predict grain yield, days to heading and

plant type of wheat. The input to this model is the concatenated matrix of envi-

ronmental variables, a genomic relationship matrix obtained from genotypes, and a

GxE term. The model was compared with GBLUP and MLP for the single pheno-

type. They observed that multi-trait MLP is better than the single trait MLP and

overall, GBLUP model outperformed all of them with limited data (259 lines). Guo

et al. [2020] also applied the same architecture of a multi-trait MLP model with a

minimal wheat dataset (240 genotypes). Though their dataset was different than

Montesinos-López et al. [2019c], as it consisted of genotyped data and environmental
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Figure 2.6: Workflow of genomic selection in a multi-environment trial. Before train-
ing the machine learning model, along with genotyped and phenotyped data, envi-
ronmental information such as weather variables, soil and field management data are
also collected. The genotypes are typically grown in multiple seasons/locations which
provides a wide range of environmental data. During the training phase, the model
is trained with all these data along with phenotypes. After the model is trained, in
production, the model is given the genotyped data of crops along with environmental
information of where the crops will be grown as the input. The model estimates
the phenotype for that environment. Based on the estimated phenotypes, the top k
genotypes are chosen and grown in the field.

information, they also observed better performance. Sandhu et al. [2021a] applied

the same MLP architecture on a wheat dataset comprised of spectral information of
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site-year and genetic information. These data were concatenated together to predict

yield and protein content. The notable difference between this work and the previous

two [Montesinos-López et al., 2019c; Guo et al., 2020] is the amount of data, as their

dataset comprises 650 genotypes. The work showed that MLP performs similarly

or better than GBLUP, BayesA, BayesB [Meuwissen et al., 2001], Random Forests

[Breiman, 2001], CNN and Support Vector Machines [Hearst et al., 1998].

The model of Khaki and Wang [2019] was the first research to incorporate ge-

netic information of corn and rich weather and soil data into a single deep learning

framework. Their proposed method has two disjoint parts: i) predicting weather

variables for the growing cycle and ii) predicting yield. In the first part, they em-

ployed individual shallow MLP that take the previous four months’ data of a specific

weather variable as the input to predict the monthly weather variables of the growing

cycle. In the second part, their deep learning model for predicting yield contained

21 fully connected neural network blocks where each block had 50 hidden neurons,

an activation function and a regularization function. The input of this network was

a concatenation of genetic information and weather variables obtained from the first

part, along with soil information. The predicted output was the yield. As each hid-

den neuron combined environmental and genetic information, the motivation was to

capture the GxE in each hidden neuron to predict yield. This model improved the

correlation coefficient between predicted yield and original yield by 57% compared to

the model that only had genomic data as the input.

Shook et al. [2020] proposed an LSTM-Fully Connected Neural Network based

deep neural network that processed the inputs in two stages to predict soybean yield.
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In the first stage, LSTM blocks were employed on historical weather data. The

weather data was divided into multiple time steps in the growing season where each

time step is 30 days. An average of each weather variable was taken within the given

time steps. LSTM blocks were applied on all the time steps to capture the temporal

relationship and provide a context vector as an output optimized for yield prediction.

After obtaining the context vector, maturity group information and a genotype clus-

ter derived from applying k-means on the pedigree matrix were concatenated with

the context vector. This concatenated vector was the input of the fully connected

network that predicted yield. This model showed that when cluster and maturity

group information are added, it leads to a lower root mean square error (RMSE).

Deep learning has also been successfully applied when no genetic or pedigree in-

formation is available. The deep learning model of Lin et al. [2020] had two parts:

i) attention-based LSTM network that captured the effect of environmental vari-

ables over time on yield, and ii) multi-task learning (MTL) networks that predicted

location-specific corn yield anomaly. The weather information was the weekly av-

erage of minimum and maximum temperature, precipitation, growing degree days

and killing degree days. This model was compared to Random Forests and Lasso

[Ranstam and Cook, 2018] and had the lowest RMSE among the three.

Khaki et al. [2020] employed a CNN-RNN based deep learning model on a dataset

that contained historical yield and weather information and soil data for corn and

soybean. In this work, CNNs were applied to yearly data to capture the spatial infor-

mation of weather and soil information. Two separate CNN networks were employed

that output two vectors to capture the spatial information of weather and soil vari-
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ables. After obtaining the spatial information, LSTMs were applied to obtain the

temporal relationship within the data. To employ LSTM, the distributed representa-

tions of soil and weather along with the corresponding yield of previous t years were

concatenated and provided as the input to the LSTM, which predicted the yield of

the current growing cycle. This model improved the correlation coefficient by 20%

to 25% compared to LASSO [Ranstam and Cook, 2018] based on different years and

crops.

Gangopadhyay et al. [2020] applied a dual attention neural network on a soybean

dataset that comprised 13 years of data of 5,839 genotypes resulting in 103,365 ob-

servations. The attention networks are known for their ability to identify important

features as it calculates an importance score (attention score) for each feature and

aggregate all the features in a context vector by applying weighting based on the

attention score. The dataset contained weekly weather variables such as average di-

rect normal irradiance, average precipitation, average relative humidity, maximum

direct normal irradiance, maximum surface temperature, minimum surface tempera-

ture and average surface temperature. A fully connected neural network followed by

an attention layer was applied initially to the weather variables to capture the spatial

information. Then, on the output of the spatial attention layer, multiple LSTM layers

followed by another attention layer were applied to capture the temporal relation and

predict the soybean yield. Though their model had comparable performance to the

baseline model (LSTMs and LSTMs with temporal attention), they showed that the

attention layer provided their model with more interpretability. They also observed

that the attention mechanism identified average precipitation as the most influencing
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factor for soybean growth in most weeks.

McCormick et al. [2021] applied nine different architectures of LSTMs to predict

the current growth stage of soybean. The architectures of LSTMs mostly differ in

the number of layers and hidden neurons. These models were applied to a dataset

consisting of 187 environments and 13,673 observations of soybean, based on different

planting times and locations. Their weather variables included daily minimum and

maximum temperature, solar radiation, night length, longitude and latitude. The task

of these LSTM models was to predict, from seven growth stage variables, what the

current stage of the plant is. In their LSTM model, they also included the output of a

knowledge-based model named CROPGRO [Boote et al., 1998; Salmerón and Purcell,

2016] as features and showed that including the predicted output from CROPGRO as

a feature improved the mean absolute error by 2.76% and 5.51% for different traits.

Washburn et al. [2021] applied a CNN-MLP based neural network on maize data.

Their dataset is similar to Khaki and Wang [2019] as their data contains genetic,

environmental, soil and field management information. Initially, this model processed

the inputs in three parts: i) fully connected blocks were applied to genetic data, ii)

CNN blocks were applied to environmental information and iii) fully connected neural

network blocks were employed on soil and field management data. Then the outputs of

these three parts were concatenated and passed to fully connected blocks to predict

yields. They observed that soil and environmental factors play a bigger role than

the genetic information for yield prediction as they comprised 35% and 22% of the

importance score, respectively. From the feature perspective, precipitation, vapour

pressure and plant density were the most influential features. They also observed that
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adding historical information for a specific location improved prediction and overall,

the performance of the proposed CNN-MLP model was comparable to or better than

GBLUP-based models.

Måløy et al. [2021] employed a variation of transformers named performers [Choro-

manski et al., 2020] on a barley dataset to predict yield. Performers were developed as

attention-based models capable of capturing long-range interactions between features;

this is appropriate for genomic data where attention related SNPs may be distant in

the genome. In their work, the environment variables were of two types: i) mean

value of temperature and precipitation for the entire growing season and ii) mean

temperature and cumulative precipitation for each day of the growing season (histor-

ical data). Performers were applied to the genomic data to extract genomic features.

An MLP was employed when the mean weather variables for the entire growing sea-

son were considered, or a performer was employed when historical weather data was

considered as the input, to obtain the relevant features from the weather variables.

Finally, both feature representations were concatenated and passed as the input to

the regression layer to predict yield. Their results demonstrated that the model that

considered historical weather information had the highest R2 scores. Their model

also outperformed a CNN + MLP model by 1.3% in R2 score. In addition, as the his-

torical weather data based model was better than average weather based models, the

results showed that research needs to concentrate on integrating historical weather

data and genomic data together in a meaningful way for different growth stages of

crops to predict genotype-specific yield for a specific environment.

Zhong et al. [2022] proposed a multi-task learning model where each task-specific
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layer predicted the average yield of maize for a specific county. Their input variables

contained weather, remote sensing and soil data. K-means clustering was applied to

county-level yield and weather and soil data to obtain spatial features. In addition,

an LSTM and a fully connected neural network were applied to the weather data

and soil data, respectively, to extract temporal and soil features. Finally, these three

outputs were combined and served as the input to the county-specific output layer

that predicted yield for that specific county. The result of the proposed model showed

that killing degree days was one of the major driving factors for yield loss in 2012.

As this model predicted county-specific yield, it did not integrate genetic informa-

tion. However, this model considered spatial-temporal relationships which can be

integrated with genomic data and have the potential to play a vital role in capturing

GxE.

Sharma et al. [2022] proposed a deep learning model that contains four modules:

genome, weather, field management and soil module and predicted maize yield. For

each of these modules, they obtained an embedded vector representing the feature set

of that module by employing different types of neural networks. For example, two dif-

ferent CNNs were employed for weather and genomic data, while two separate MLPs

were used for field management and soil data to obtain embeddings for each module.

In addition, they applied an attention mechanism between the genome embedding

and weather data embedding to learn an embedding that replicates GxE. Finally, the

embeddings for GxE, weather, field management and soil were concatenated, and a

fully connected layer was employed to predict the yield. The results demonstrated

1.45 times better correlation coefficient than GBLUP and CNN-based methods. This
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approach is unique compared to other methods as they used the attention mechanism

to obtain GxE, which ideally puts more importance on the environmental variables

that influence maize yield.

In table 2.3, we list the deep learning-based academic papers that work with multi-

environment trial and environmental data. Some single-environment models [Sandhu

et al., 2021c,b, 2022] employed an MLP, similar to the model of Montesinos-López

et al. [2019c], to predict quantitative traits in another location or year. As these

models did not incorporate environmental data into the model, we consider them

single-environment models. Thus, this type of research, while important in demon-

strating advances in prediction of traits in new situations, is not summarized in this

survey. In addition, typically, environmental information is not readily available, and

even if they are available, these models are complex in nature as different types of

data need different types of ANNs to extract meaningful features. Thus the devel-

opment of new deep learning approaches in this new research area is comparatively

slower than single environment trial models. We expect that, as data collection and

integration continues in crop breeding programs, more detailed datasets containing

rich genotypic, weather, soil and management data will be generally available. Mod-

els that incorporate this data will become more common as well, as the data becomes

more reliable, standardized and available.

2.6 Discussion

Genomic selection is a well-established tool for crop breeding, and non-linear su-

pervised deep learning models are increasingly being used to predict phenotypes for
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Year Author DL Model Crops Traits
Geno
Data

Weather
Data

Soil
Data

Other
Data

2019 Khaki and Wang [2019] MLP Corn Yield Yes Yes Yes

2019 Montesinos-López et al. [2019c] MLP Wheat

Yield,
Days
to

Heading

Yes Yes No

2020 Shook et al. [2020]
LSTM-
MLP

Soybean Yield No Yes No
Genotype
Cluster

2020 Khaki et al. [2020]
CNN-
RNN

Corn,
Soybean

Yield No Yes Yes

Historical
Yield,
Field

Management

2020 Lin et al. [2020]
Att-

LSTM
Corn Yield No Yes No

2020 Gangopadhyay et al. [2020]
MLP
LSTM
Att

Soybean Yield No Yes No

2020 Guo et al. [2020] MLP Wheat

Yield,
Harvest
Index,
Spike

Fertility,
Thousand
Grain
Weight

Yes Yes No

2021 Sandhu et al. [2021a] MLP Wheat
Yield,
Protein
Content

Yes Yes No

2021 Washburn et al. [2021]
CNN
MLP

Maize Yield yes Yes Yes
Field

Management

2021 Måløy et al. [2021]
Transformers

MLP
Barley Yield yes Yes No

2022 Zhong et al. [2022]
LSTM
MLP

Maize Yield No Yes Yes

2022 Sharma et al. [2022]
CNN
MLP
Att

Maize Yield Yes Yes Yes
Field

Management

Table 2.3: Papers on Multi-Environment Deep Learning Models. In the table, MLP
means Fully Connected Networks and Att means attention networks.

complex traits. As datasets become increasingly feature-rich and large enough to

train complex models, the use of deep learning models becomes more feasible. This

trend also enables incorporating heterogeneous weather, soil and field management

data to be added to predict environmental effects on genotypes. Typically, weather

variables such as precipitation and vapour pressure [Gangopadhyay et al., 2020; Wash-

burn et al., 2021] are the most important. However, other environmental variables

such as day length [Tacarindua et al., 2013; Rahman et al., 2018; Islam et al., 2019],

and maximum and minimum temperature Gul et al. [2020]; Moore et al. [2021] may

also become vital based on the crop species and environment. These weather vari-
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ables are the most influential during the early stages of crop development [Washburn

et al., 2021]. As these weather variables are mostly available as hourly or daily data,

determining how this information can be added to the deep learning models, espe-

cially during the early stages of development, is essential [Gangopadhyay et al., 2020].

Most existing methods employed neural networks on monthly average data of weather

variables for the whole growing season [Khaki and Wang, 2019; Shook et al., 2020;

Khaki et al., 2020]. To add more information in the early stage of development, a

variable length time window approach can be adopted where in the beginning, the

time window can be shorter, and in the later stage, the size of the time window can be

increased. Additionally, the use of unsupervised learning techniques to learn appro-

priate representations of weather data is a potential area of additional exploration.

Some research [Khaki and Wang, 2019; Washburn et al., 2021] incorporated a wide

range of soil and field management variables in their model, such as soil electrical

conductivity, calcium carbonate content, saturated hydraulic conductivity, gypsum

content, plant density, irrigation, and pH. Typically, water and nutrition-related soil

variables are the most relevant [Washburn et al., 2021]. Though it is observed that

soil variables are more important than weather variables [Washburn et al., 2021], in

most of the current research, these variables are not considered due to the lack of

data. Recently, the use of IoT (Internet of Things) devices to collect soil and field

data (for example, weather variables described above) is gaining popularity [Sharma

et al., 2020]. As IoT devices can collect data more accurately and frequently, it

has become possible to estimate soil nutrients and moisture for the growing cycle

[Sharma et al., 2020]. These estimated values can be the input of the deep learning
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algorithm to estimate phenotypes. Another source of data that can work as the

input of GS is high-quality image data of fields. Drones with high-quality cameras

have been used recently to capture field images. These images can be fed into a

deep learning model to add additional information about the field. Recent research

has indicated that using early phenotypic data, including spectral data collected by

drones, yields models that can be competitive with GS Adak et al. [2021] in predicting

phenotype at harvest. Since GS aims to estimate yield even before sowing, we need

to ensure that the information added in the model is collected either before sowing

the plants or is estimated for the growing season based on previously available data.

Collecting phenotypic information during growing season to attempt to predict future

phenotypes represents a different philosophy of approaching GS, either when this data

is used alone or in conjunction with genomic data. This approach may be considered

advantageous in forestry or perennial crops, where early phenotypic information may

shape long-term field trials [Cros et al., 2015; Kwong et al., 2017; Faville et al., 2018;

Crain et al., 2020; Lebedev et al., 2020; Archambeau et al., 2022].

Most of the multi-environment deep learning architecture we discussed so far

sought to capture the spatial and/or temporal effect of environmental variables on

traits and later incorporated genomic data into the model for estimating phenotypes.

Though a few deep learning models were developed by employing attention for ge-

nomic selection [Gangopadhyay et al., 2020; Jubair et al., 2021a; Måløy et al., 2021],

we believe attention-based architectures are the most promising approaches for ge-

nomic selection. Attention-based methods can capture both temporal and spatial

information and summarize the input data by aggregating them based on importance
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scores. As a robust model needs to be trained on different types and data sources, at-

tention may play a significant role by providing more importance to the critical parts

of different data sources [Gangopadhyay et al., 2020; Jubair et al., 2021a; Måløy et al.,

2021].

As one of the major challenges of GS for multi-environment is the data, collabora-

tion among breeders and a well-defined data collection strategy will be useful to take

GS application into production [Xu et al., 2022; Spindel and McCouch, 2016]. To the

best of our knowledge, the only user-friendly software designed to integrate multiple

data sources in genomic selection is learnMet [Westhues et al., 2022]. This software

allows the user to employ traditional machine learning methods, such as XGBoost

and Random Forests, and MLP-based neural networks. However, complex models

also need to be packaged as user-friendly software to make more accurate predictions

and bring GS to breeders.

In summary, continued advances in deep learning, driven by disparate application

areas such as vision and languages, will continue to be adapted to GS, especially

in the context of large datasets incorporating environmental conditions. Future re-

search should focus on extracting meaningful features from different data sources and

leveraging their interactions to predict quantitative traits. To extract meaningful fea-

tures, choosing an appropriate deep learning architecture that can capture different

relationships within each type of data will be the first step. For example, weather

and image data during the growing season contains a spatial-temporal relationship,

whereas soil data before the growing season has a spatial relationship. There are also

heterogeneous unstructured text data about field management, such as the sowing
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pattern of crops, the amount of water supplied during irrigation, and notes on the

overall condition of fields. Deep learning architecture such as transformers may play

a vital role as they have been successfully employed to extract meaningful features

from genomic [Avsec et al., 2021; Ji et al., 2021; Monteiro et al., 2022], weather

[Måløy et al., 2021] and unstructured text data [Devlin et al., 2018; Raffel et al.,

2020]. However, GS for multi-environment model may need to employ different types

of neural networks on different sources of data depending on the data property, such

as the spatial, temporal and spatial-temporal relationship between variables. Future

research also should focus on how to capture the interrelationship between genotypes

and these features to predict quantitative traits.
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Abstract

To meet the world’s growing food and nutrition demands, agricultural breeders

need to grow crops with improved phenotypes and create cultivars that allow in-

creased production. Genomic selection enables the breeders to select individuals with

improved phenotypes even before growing them. Existing genomic selection is made

mostly through statistical methods that do not accurately predict complex non-linear

traits. Deep learning and other machine learning methods have been applied, but

most of the deep learning methods are not specifically designed for genomic selection.

Also, there has been relatively little comparison between different machine learning

methods. We propose three ensemble learning methods: i) ensemble support vector
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regression; ii) ensemble deep convolutional neural networks and iii) random forests;

to predict phenotype with high accuracy. We also propose a feature selection strategy

that identifies important markers and contributes to improved phenotype prediction.

The proposed marker selection strategy is independent of machine learning methods;

thus, the markers that are selected remain the same when the machine learning model

is changed. We employed our methods to Iranian wheat landraces. The result shows

that ensemble learning methods are better than the single machine learning methods

with the lowest PCC 0.339 for plant height and the highest PCC 0.747 for grain

length. Our models are also robust as they rank both top twenty and bottom twenty

individuals well with nDCG@20 ranges from 0.188 to 0.712.

Keywords– genomic selection, deep learning, machine learning, ensemble

learning

3.1 Introduction

Selection of proper individuals with intended phenotypes from a collection of varieties

of a crop is essential to breeders as the right selection can lead to improvements in the

crop such as drought resistance, biotic and abiotic stress resistance, yield improve-

ment and disease resistance. While the amount of water, fertilizer, pest control, and

good production practices constitutes the environment for the plant, the cultivar of

the plant defines the ability to produce desired phenotypic value within that environ-

ment [Milton, 1979]. Thus, if the environmental factors and breeding practices are

standardized, it is also vital to create improved cultivars for that environment. Ge-

nomic selection (GS) is a marker-assisted selection method that uses whole-genome
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molecular markers to improve the quantitative traits or phenotypes of an organism,

such as a crop or livestock, by identifying the top lines. That is, GS is a computa-

tional tool for choosing the most advantageous individuals from varieties and has the

potential to save money and time by accelerating improvements to crops or livestock.

Thus GS can solve the two main objectives of the breeders: building variation and

selection of leading individuals from the cultivar that fulfills the breeding objective

[Acquaah, 2009]. Though GS has been successfully applied to livestock, GS for crops

is not as well developed [Bhat et al., 2016] and therefore, there is a need for new

computational tools of GS for plants. With proper GS software, it is possible to ad-

dress the problem of feed quality, increased supply needs for food in a growing world

population, and adaptation of crops for a specific environment such as drought stress

and wet conditions.

GS links traits and the underlying genomic information. A trait is a characteristic

or a feature of an organism, such as height, length, yield, and disease resistance. A

phenotype is the expression of a particular trait that is determined by the interaction

between an organism’s genotype and the environment. A large number of small effect

genes known as polygenes cumulatively contribute towards the final expression of the

phenotype. Though many markers contribute to the complex phenotypes of plants,

some markers mostly interact with the environment and are responsible for a specific

phenotype, and other markers remain stable[Oakey et al., 2016]. Identification of

markers that interact with the environment and respond to a phenotype is necessary

to understand the crops and build a better cultivar.

In this paper, we propose three ensemble machine learning models: i) ensemble
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support vector regression; ii) ensemble deep convolutional neural networks and iii)

random forests to predict different phenotypes of Iranian wheat landraces. We also

compare the performance of our ensemble models with single machine learning models,

such as support vector machines and convolutional neural networks, and a statistical

model RR-BLUP. We also combine the concept of binning the continuous values

of labels [Trohidis et al., 2008] and apply a filter-based method feature selection

algorithm [Doquire and Verleysen, 2013] to identify important markers for obtaining

improved phenotypic values. As the filter-based feature selection method, we use chi-

square feature selection. In general, for GS, the features are the genotyped markers

and the labels are the traits. In the training phase, each of our models takes genotyped

markers and a phenotyped trait as the input, performs feature selection on the marker

data, creates several subsets of markers from the selected markers and then trains

each subset employing a machine learning algorithm. In the testing phase, the inputs

of the trained models are the same subset of markers that are used to train a specific

model. The trained models predict the phenotypes and the final output is the average

of all the predicted phenotypes. The training data is both genotyped and phenotyped,

but the test data is only genotyped but not phenotyped.

Machine learning methods are known to perform better than statistical methods

generally, but for GS, there is no single method that is better than all other meth-

ods and the performance of the same method can differ for different traits of the

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

Very recently, Pérez-Enciso and Zingaretti [Pérez-Enciso and Zingaretti, 2019] have

reviewed deep learning techniques for GS, showing a limited amount of existing re-
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search on genomic selection for both plant and animal breeding [Mcdowell, 2016; Liu

and Wang, 2017; Ma et al., 2018; Khaki and Wang, 2019]. Many of these models show

that multi-layer perceptron models and convolution neural networks are comparable

to or exceed established statistical techniques such as GBLUP. Ma et al. [Ma et al.,

2018] employed DeepGS, a deep learning model with convolution neural network to

predict the phenotypes from the lines and to the best of our knowledge, this is the

only model that is specifically designed for GS on wheat. This model obtained bet-

ter performance than existing statistical models, and the authors demonstrated that

decreasing the number of markers increases the performance of DeepGS. Though the

number of markers plays a crucial role in the prediction of phenotype, the selection of

the markers in DeepGS is done randomly, and there is a need to identify the important

markers for each trait, which leads to improved phenotype prediction.

As the traits we are going to predict are continuous variables, to select the features,

one of the strategies is to make several bins within a range of values and consider each

of those bins as a category [Trohidis et al., 2008]. After obtaining the categorical labels

for each individual, any filter-based feature selection method can be applied to retain

the markers that contribute to discriminate the groups [Doquire and Verleysen, 2013].

In this paper, we use the chi-square feature selection as the filter method. In general,

the filter-based feature selection does not rely on any machine learning algorithm;

instead, they consider each feature individually and calculate a value based on some

criteria to identify the potential to separate the classes. The features are then ranked

based on the calculated values and the top features are used as inputs in any machine

learning algorithm [Tang et al., 2014].
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Ensemble learning methods combine the prediction of multiple weak machine

learning methods and produce a reliable prediction [Dietterich et al., 2002]. There

are two types of ensemble learning methods: bagging and boosting [Quinlan et al.,

1996]. In this paper, we employed bagging to build our models and make predictions

of phenotypes. In bagging, each model is trained independently with different subsets

of the data. When making the prediction, each model produces an independent out-

come, and the final result is the average of all the guesses. As each model is trained

with different subsets, they capture the information of only a small part of the data.

After combining all the models, they produce an overall picture and make a stronger

prediction.

We organize the rest of the papers as follows. In section 3.2 of this chapter, we

described our materials and methods; section 3.3 contains the result, and section 3.4

is our conclusion.

3.2 Materials and Methods

3.2.1 Dataset

The Iranian bread wheat (Triticum aestivum) dataset was obtained from the wheat

gene bank of CIMMYT [CIMMYT, accessed July, 2019]. The dataset contains

2000 individuals of Iranian bread wheat and genotyped with genotype by sequencing

method (GBS) using 33, 709 DArT (Diversity Array Technology) markers where the

values are either 0 or 1 for each marker. All the phenotypic traits were measured

in a single standard environment. The traits are thousand-kernel weight (tkw), test
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weight (tw), grain hardness (gh), grain length (gl), grain width (gw), and plant height

(pht). More details can be found in [Crossa et al., 2016b].

3.2.2 Marker Selection

Previous work [Ma et al., 2018] on this dataset indicated that not all features are

informative for genomic selection. This is consistent with other research that demon-

strates that feature selection generally improves phenotype prediction [Oakey et al.,

2016].

To select features, we consider each phenotype individually. We created three bins

where the first bin contains the top 25% lines based on their phenotypic value; in the

second bin, the middle 50% were placed, and in the last bin, the bottom 25% were

kept. The distribution of all traits is shown in Figure 3.1. The left side of the left red

line shows the bottom 25% and the right side of the right red line indicates the top

25% individuals.

We labeled the bins with discrete values (1,2 and 3) and then applied chi-square

feature selection [Saeys et al., 2007] to rank the markers where higher values of chi-

square indicate a more prominent feature. We retained markers that have a chi-square

p-value of less than 0.005.

3.2.3 Marker Ensemble

Our genomic selection is an ensemble model that trains N independent machine

learning models on subsets of markers. From the training set of the data, we created

N subsets of markers where each subset contains m markers. To ensure that all
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(a) Distribution of grain length.
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(b) Distribution of thousand kernel
weight.
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(c) Distribution of test weight.
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(d) Distribution of grain width.
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(e) Distribution of grain hardness.
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(f) Distribution of plant height.

Figure 3.1: Distribution of phenotypes of different traits of Iranian Wheat.
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the markers are at least selected once, we selected m markers per subset without

replacement. This process was continued until all the markers are selected once.

If all the markers are selected before obtaining N subsets, we restarted the process

again from the beginning and continue until we get N subsets. Each of the N selected

subsets of features is used to train a machine learning model described in section 3.2.4

and 3.2.5.

3.2.4 Deep Learning Model

Input Layer: 400 
markers

Conv 1
f: 10, k: 10, s: 1

Conv 1
f: 10, k: 10, s: 1 ReLU Maxpool

k: 2, s: 2
Dropout

0.2

Conv 1
f: 10, k: 10, s: 1

Conv 1
f: 10, k: 10, s: 1 ReLU Maxpool

k: 2, s: 2
Dropout

0.1
Conv 1

f: 10, k: 10, s: 1

ReLU Dropout
0.05FC FC

Loss: mae

output

Figure 3.2: Architecture of one convolution neural network. In the layers, k indicates
the kernel size, f refers to the filter size and s is the stride.

Figure 3.2 shows the architecture of our convolution neural network (CNN). Our

CNN model consists of one input layer, five convolution 1D layers, three ReLU layers,

two max-pooling layers, three dropout layers, two fully connected layers, and one

output layer. The input layer takes an input of M neurons and passes the input

neurons to blocks of convolution layers. Each convolution layer has ten filters with

kernel size ten and a stride of one. There are two groups of convolution layers. In

the first group, there are two convolution layers, and in the second group, there are



Chapter 3: Ensemble supervised learning for genomic selection 67

three convolution layers. Each convolution layer group is followed by a ReLU layer,

a max-pool layer where both the kernel size and stride are 2 and a dropout layer.

There are two fully connected layers where a ReLU and a dropout layer follow the

first layer. The last fully connected layer is the output layer. We use Adam as the

optimizer and Mean Absolute Error (mae) as the loss function. The batch size and

learning rate are 128 and 0.001, respectively. The CNN is implemented using the

Keras package in python [Chollet et al., 2018].

3.2.5 Support Vector Regression

Support vector regression (SVR) [Drucker et al., 1997] maps the data from one vector

space to another vector space to find out better separability for prediction. We employ

Support Vector Regression (SVR) as an alternative to CNNs for both individual and

ensemble prediction. In our SVR model, we used the radial basis function (RBF)

kernel as RBF can make a non-linear prediction and often performs better than other

kernel functions. Two parameters can be optimized for the RBF kernel: cost and

gamma. For the non-ensemble model, the cost is optimized in the range of {1, 2, 4, 16}.

The gamma parameter is optimized from 2−4 to 24 in powers of 2. For the ensemble

model, we use the default parameter values. Scikit-learn [Pedregosa et al., 2011] is

used to implement SVR.

3.2.6 Overall Architecture

Figure 3.3 shows the overall architecture of our framework for ensemble CNN and

ensemble SVR. The genotyped and phenotyped data are first binned based on their
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phenotypic value, and then chi-square feature selection [Jović et al., 2015] [Saeys

et al., 2007] is applied to find the most discriminating features, which are chosen as

those that have chi-square p-value less than 0.005. After that, an ensemble of N

subsets of features are created, and a machine learning model, either CNN or SVR,

is independently trained on each subset. The final output is the average of all the

predicted outputs of each of the models.

Data: genotypes, 
phenotypes

Marker Selection 
(Chi - squared
p-value<0.005)

Subset creation 1 
(m markers)

Subset creation 1 
(m markers)

Subset creation n 
(m markers)

Machine 
Learning Model 1

Machine 
Learning Model 2

Machine 
Learning Model n

Average
Phenotypes

.

.

.

.

.

.

Figure 3.3: Full architecture of the framework.

3.2.7 Random Forest

Random forest (RF) [Breiman, 2001] is an ensemble machine learning method that

uses a large number of individual decision trees. Each of the decision trees predicts

the phenotypes separately, and the final output is the average of all the prediction

of the decision trees. To make each tree different from the others, RF uses bagging,
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and the markers of each tree in a random forest are picked from a subset of random

markers. We optimize two parameters for RF: i) the number of trees in a forest from

50 to 1000 with an increase of 25 at each iteration and ii) the number of features to

consider when looking for the best split from 10 to 200 with an increase of 10 at each

iteration. We applied the grid search to optimize these two parameters. Scikit-learn

[Pedregosa et al., 2011] is used to implement RF.

3.3 Results

For measuring the performance of our models, we used stratified 5-fold cross-validation.

This means that the data is divided into five subsets without overlapping and the ma-

chine learning algorithms are trained with four subsets and evaluated with one subset.

The training and testing were done five times, each time taking a different test-set.

In each fold, 20% of the data from each bin are kept as the test-set and the rest of

them are kept for training-set.

As the main objective of GS is to identify individuals that will harvest better

phenotypes, it is more beneficial to obtain a linear relation between original pheno-

types and predicted phenotypes than to predict the phenotypes accurately. If the

relationship between the original phenotype and the predicted phenotype is linear or

the order of predicted phenotypes and original phenotypes are the same, this means

that the machine learning model performs well. We use two performance measures,

i) Pearson correlation coefficient (PCC), and ii) normalized discounted cumulative

gain at k (nDCG@k) [Al-Maskari et al., 2007] that either consider the linearity or the

orders of the predicted phenotypes.
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PCC measures the linear relation between the predicted phenotypes and the orig-

inal phenotypes. Equation 3.1 shows the formula for calculating PCC. In this paper,

x is the original phenotypes and y is the predicted phenotypes. If the original pheno-

types and predicted phenotypes are perfectly linear, the PCC is 1. If the relationship

is the opposite, the PCC is −1.

rxy =

∑n
i=1(xi − x̄)(yi − ȳ)√∑n

i=1(xi − x̄)2
√∑n

i=1(yi − ȳ)2
(3.1)

As the new cultivars are formed using the top individuals of an existing variety,

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

the predicted phenotypes for the top k individuals. Equation 3.2 shows formula for

calculating nDCG@k.

nDCG@k =
DCG@k

IDCG@k
(3.2)

In the equation 3.2, DCG@k means the discounted cumulative gain [Al-Maskari et al.,

2007] for the top k individuals and IDCG@k is the ideal DCG for the top k individ-

uals. DCG measures the graded relevance, and in GS, the relevance is the ranking of

predicted phenotypes compared to the original phenotypes. In IDCG, the relevance

is the ranking of original phenotypes. If the ranking is perfect, the nDCG@k is 1 and

if the ranking is exactly opposite of the expected ranking, nDCG@k is 0. nDCG was

previously used by Ma et al. [Ma et al., 2018] for evaluating GS.
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3.3.1 Marker Ensemble

After using chi-square feature selection for each trait, we obtained a reduced set of

important markers. Table 3.1 shows the number of markers in each trait that have

p-value for chi-square ≤ 0.005. Gw has the highest number of markers, and pht has

the lowest. A higher value of chi-square indicates better separability and 0 means

the marker does not have any effect to predict the phenotypes. Though we use the

p-value for chi-square ≤ 0.005, from our result, we observe that there are very few

markers that have zero chi-square value.

Table 3.1: Number of markers in each trait after using chi squared feature selection.

Traits
# of selected

markers.
Grain Length 6,532
Grain Width 11,175

Grain Hardness 8,028
Thousand-Kernel Weight 6,958

Plant Height 1,023
Test Weight 8,887

Table 3.2 shows the percentage of common markers between different traits that

are selected after feature selection. Most of the traits have ≈ 50% common markers

between them except pht. Pht has on average 14.598% markers in common with

other phenotypic traits. One reason behind this is that pht has only 1023 markers

that have chi-square p-value ≤ 0.005, which is approximately six times fewer markers

than the second smallest trait.
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Table 3.2: Percentage of common markers between two traits. The percentage is
based on the average number of markers between two traits.

Grain
Length

Thousand-
Kernel
Weight

Test
Weight

Grain
Width

Grain
Hardness

Plant
Height

Grain
Length

100 57.26 54.18 50.75 48.28 17.07

Thousand-
Kernel
Weight

100 49.21 65.05 56.16 13.74

Test
Weight

100 63.74 57.36 15.71

Grain
Width

100 69.28 12.65

Grain
Hardness

100 13.82

Plant
Height

100

3.3.2 Ensemble model vs single model

The single model of SVR and deep CNN are trained with a set that includes all the

markers that are selected with feature selection. For the ensemble model, through

experiments (results not shown), we selected an ensemble of size N = 75 with each

machine learning model (SVR and deep CNN) considering M = 400 markers. The

architecture of the deep CNN is the same for the single model except the input layer

takes 11, 176 markers as the input. We chose 11, 176 markers as the input because

it covers all the markers that have p-value for chi-square less than 0.005 for all the

traits. Table 3.3 shows the comparison between the ensemble model and the single

machine learning model. From the table, we observed that the ensemble model of

SVR performs better than the single model of SVR. This means that the single model
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is affected by a large number of markers and creates a “large p, small n problem”.

In the ensemble model of SVR, each model is trained with a small subset of markers

from the marker set which solves the “large p, small n” problem. The final output

is the average of all the predicted values. The PCC of both deep learning models

(ensemble and single) are almost similar though in most of the traits, the ensemble

models have slightly higher PCC than the single model.

Table 3.3: Comparison of PCC between actual and predicted traits, for both single
model and ensemble model. Bold indicates the best performance obtained for that
specific trait.

Traits Deep CNN SVR
Ensemble Single Ensemble Single

Grain Length 0.738 0.728 0.732 0.488
Thousand-Kernel Weight 0.663 0.661 0.660 0.481

Test Weight 0.618 0.614 0.618 0.266
Grain Width 0.724 0.731 0.724 0.311

Grain Hardness 0.648 0.661 0.660 0.422
Plant Height 0.339 0.323 0.379 0.110

Figure 3.4 shows the comparison of nDCG@20 for deep CNN model, ensemble

deep CNN and ensemble SVR model. In this figure, we did not consider the single

SVR model as all the other models have very high PCC compared to the single SVR

model. Single deep CNN has obtained the highest value of nDCG@20 for three traits.

The ensemble SVR outperformed the other two models twice, while the ensemble deep

CNN outperformed single CNN three times.

Both the performance measures we applied show that the single deep learning

model and both the ensemble models provide similar results with minimal improve-

ment in performance among different models. The difference in performance between

the single SVR model and the other models are very high due to training with a large
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Figure 3.4: Comparison of nDCG@20 for ensemble and single models.

number of markers. Though the hyper-parameters of the ensemble models are not

optimized, they can produce better or similar performance than the single model.

Hyper-parameter optimization of the ensemble models can further improve the per-

formance of the ensemble models.

3.3.3 Ensemble Models

We employed three ensemble models: i) ensemble deep CNN, ii) ensemble SVR and

iii) RF. Each of these models creates ensembles with subsets of features. Table 3.4

shows the comparison of PCC among these models. From the table, we observe that
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RF has better PCC in four traits, though the increase in PCC from both ensemble

deep CNN and ensemble SVR is small. In two traits, ensemble SVR is better than

the other two models.

Table 3.4: Comparison of PCC between actual and predicted traits. Bold indicates
the best performance obtained for that specific trait.

Traits Ensemble DL RF Ensemble SVR
Grain Length 0.738 0.747 0.732

Thousand-Kernel Weight 0.663 0.672 0.660
Test Weight 0.618 0.624 0.618
Grain Width 0.724 0.738 0.724

Grain Hardness 0.648 0.653 0.660
Plant Height 0.339 0.352 0.379

Though the PCC of the models on the pht trait is lower compared to other traits,

all the traits have good PCC for all ensemble models. We compare the result of our

best model with the performance of RR-BLUP that was reported in DeepGS [Ma

et al., 2018]. We observe from Table 3.5 that we obtained an improvement of 1.013

times to 1.021 times than the RR-BLUP for all the traits except gh. Though the

performance of Ensemble SVR on the gh trait is better in RR-BLUP, PCC of 0.660

is a good score.

Table 3.5: Comparison of PCC between RR-BLUP and the best model for each trait.

Traits RR-BLUP
Best

Ensemble
Model

Improvement

Grain Length 0.735 0.747 1.016
Thousand-Kernel Weight 0.658 0.672 1.021

Test Weight 0.614 0.624 1.016
Grain Width 0.728 0.738 1.013

Grain Hardness 0.685 0.660 0.963
Plant Height 0.327 0.379 1.15
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As it is essential to measure the accuracy of the ranking of individuals to build

a better cultivar, we also measure the nDCG@20 for each trait. Table 3.6 shows the

comparison of nDCG@20 for top individuals among different models. Though PCC

is better in four traits with RF, only gw with RF has better nDCG@20 than PCC.

As we are only considering the top 20, the scores are satisfactory for all the traits

except pht. In addition, we calculated the p-value between three pairs of models and

observed p-value > 0.9 for all pairs, indicating no statistically significant difference

in these models.

Table 3.6: Comparison of nDCG@20 for the top individuals. Bold indicates the best
performance obtained for that specific trait.

Traits
Ensemble

CNN
RF

Ensemble
SVR

Grain Length 0.380 0.355 0.325
Thousand-Kernel Weight 0.339 0.325 0.332
Test Weight 0.235 0.230 0.256
Grain Width 0.553 0.612 0.565
Grain Hardness 0.478 0.473 0.510
Plant Height 0.124 0.125 0.188

To find the robustness of our ensemble models, we also measure the nDCG@20

for bottom individuals. Table 3.7 shows the result. From the table, we observe that

all the traits achieve nDCG@20 ≥ 0.3 except pht and tw.

When we perform feature selection, pht has very few features compared to other

traits that can separate the top and bottom individuals. Figure 3.1f shows that

for the pht trait, the dataset contains a large number of individuals in a specific

range of phenotypic values and in other ranges, the number of individuals is very

low. This distribution of phenotypes may cause machine learning models to overfit.

Both PCC and nDCG@20 showed that pht is the hardest trait to predict in this
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Table 3.7: Comparison of nDCG@20 for the bottom individuals. Bold indicates the
best performance obtained for that specific trait.

Traits
Ensemble

CNN
RF

Ensemble
SVR

Grain Length 0.668 0.712 0.577
Thousand-Kernel Weight 0.314 0.319 0.335

Test Weight 0.236 0.276 0.287
Grain Width 0.370 0.395 0.323

Grain Hardness 0.325 0.290 0.265
Plant Height 0.198 0.233 0.235

dataset. As in complex crops like wheat, a lot of markers contribute cumulatively to

the final expression of phenotypes, the machine learning models do not have sufficient

information from the markers from which it can predict the pht.

The distribution of phenotypes plays a role in selecting fewer markers and obtain-

ing poor performance. Figure 3.5 shows the original vs. predicted phenotypes plot

for gl, tw and pht. From the figure, we observe that the predicted phenotypes of gl

are almost linear to the original phenotype; hence, it has high PCC and nDCG@20.

The predicted phenotypes of trait tw are also close to linear to the original pheno-

types though the nDCG@20 is low. The reason behind is there are many individuals

with phenotypes that have a very close value between −2 to 1, making it difficult for

the machine learning model to maintain the ranking while predicting, despite having

a very high linear relationship with the original value. Thus we can consider that

our model worked well for predicting tw. The predicted phenotypes of pht have a

very little linear relation with the original phenotypes and thus results in low PCC.

Gl has the best PCC and pht is the worst one we obtained with our models. The

comparison of performance measure shows that there is no single method that out-

performs the other models and there is no significant difference in performance with
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different ensemble models. Though RF obtained better PCC than others, RF models

are optimized while other ensemble models are not.
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(a) Original vs predicted
phenotypes of grain length
with ensemble CNN.
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(b) Original vs predicted
phenotypes of grain length
with RF.
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(c) Original vs predicted
phenotypes of grain length
with ensemble SVR.
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(d) Original vs predicted
phenotypes of test weight
with ensemble CNN.
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(e) Original vs predicted
phenotypes of test weight
with RF.
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(f) Original vs predicted
phenotypes of test weight
with ensemble SVR.
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(g) Original vs predicted
phenotypes of plant height
with ensemble CNN.
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(h) Original vs predicted
phenotypes of plant height
with RF.
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(i) Original vs predicted
phenotypes of plant height
with ensemble SVR.

Figure 3.5: Original vs. predicted phenotypes for length, test weight, and plant
height.

The marker selection method of Ma et al. [Ma et al., 2018] is random. Thus the
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performance of the model can vary when the subset of markers differs. In our model,

we have a defined marker selection technique that gives the same subset of markers.

Ma et al. reported a PCC of 0.742 for the DeepGS model for grain length only,

where the model hyperparameters are appropriately tuned. In the random forest and

ensemble deep learning model, we obtained PCC of 0.747 and 0.738, respectively,

where the parameters of our ensemble deep learning model are not optimized. From

this, we can observe that our proposed ensemble models are competitive with DeepGS,

and that optimization of ensemble methods is a promising area to improve the results

of the deep learning models.

3.4 Conclusion

In this paper, we proposed three ensemble learning methods: i) ensemble SVR ii)

ensemble CNN and iii) random forest for GS in wheat. We also proposed a binning

approach by applying chi-square feature selection to the identification of essential

markers for a specific trait. We showed that the ensemble models on a wheat dataset

are competitive with both DeepGS [Ma et al., 2018] and single models. The per-

formance of different ensemble models are very similar to each other; thus, there is

no definitive answer to which model is the best. In deep learning, the percentage of

dropout neurons and the number of neurons in the fully connected layer plays a crucial

part in tuning the model for better prediction. Cost and gamma are the two hyper-

parameters that plays a similar role in SVR. In single models, we observe that the

optimization of these parameters improves the accuracy of prediction dramatically.

Thus, in the future, we will explore how the optimization of the hyper-parameters
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influences the performance of ensemble models. Currently, our models predict a sin-

gle trait. Deep learners are known for their ability to predict multiple outputs at

the same time. We will investigate if the ensemble deep learning model can predict

multiple traits with the same or better accuracy. We will also integrate environmental

information with our models so that the models can predict phenotypic differences

based on the environment.
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Abstract

Fusarium head blight (FHB) incited by Fusarium graminearum Schwabe is a dev-

astating disease of barley and other cereal crops worldwide. Fusarium head blight

is associated with trichothecene mycotoxins such as deoxynivalenol (DON), which

contaminates grains, making them unfit for malting or animal feed industries. While

genetically resistant cultivars offer the best economic and environmentally responsi-

ble means to mitigate disease, parent lines with adequate resistance are limited in

barley. Resistance breeding based upon quantitative genetic gains has been slow to

date, due to intensive labour requirements of disease nurseries. The production of

a high-throughput genome-wide molecular marker assembly for barley permits use

in development of genomic prediction models for traits of economic importance to

this crop. A diverse panel consisting of 400 two-row spring barley lines was assem-

bled to focus on Canadian barley breeding programs. The panel was evaluated for

FHB and DON content in three environments and over two years. Moreover, it was

genotyped using an Illumina Infinium High-Throughput Screening (HTS) iSelect cus-

tom beadchip array of single nucleotide polymorphic molecular markers (50K SNP),

where over 23K molecular markers were polymorphic. Genomic prediction has been

demonstrated to successfully reduce FHB and DON content in cereals using various

statistical models. Herein, we have studied an alternative method based on machine

learning and compare it with a statistical approach. The bi-allelic SNPs represented

pairs of alleles and were encoded in two ways: as categorical (-1, 0, 1) or using Hardy-
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Weinberg probability frequencies. This was followed by selecting essential genomic

markers for phenotype prediction. Subsequently, a Transformer-based deep learn-

ing algorithm was applied to predict FHB and DON. Apart from the Transformer

method, a Residual Fully Connected Neural Network (RFCNN) was also applied.

Pearson correlation coefficients were calculated to compare true vs. predicted out-

puts. Models which included all markers generally showed marginal improvement in

prediction. Hardy-Weinberg encoding generally improved correlation for FHB (6.9%)

and DON (9.6%) for the Transformer network. This study suggests the potential

of the Transformer based method as an alternative to the popular BLUP model for

genomic prediction of complex traits such as FHB or DON, having performed equally

or better than existing machine learning and statistical methods.

Keywords– genomic prediction, deep learning, transformer, feature selec-

tion, quantitative traits, barley, fusarium head blight, deoxynivalenol

4.1 Introduction

Barley (Hordeum vulgare L.) is one of the most ancient grains, and is currently the

fourth-most produced cereal globally measured both in area harvested and yield [FAO,

2019]. Barley is primarily grown as animal fodder, or used by the malting and brewing

industries. As a cash crop, malting barley necessitates maximized yield performance,

and requires strict management of numerous grain-quality characteristics with specific

parameter ranges [Izydorczyk and Edney, 2017]. Barley achieving these superior

standards can be sold into the lucrative malting barley market, where it returns a

significant premium to the barley producer. Fusarium head blight (FHB), caused by
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Fusarium graminearum Schwabe [teleomorph: Gibberella zeae (Schwein.) Petch], is a

devastating disease of barley. The Primary concern of the disease is due to associated

trichothecene mycotoxins such as deoxynivalenol (DON), which are potent inhibitors

of protein synthesis [Pestka, 2010]. Due to potential adverse toxic effects, DON along

with its alternative forms are highly regulated with maximum consumption limits set

for humans and livestock (EFSA CONTAM Panel, 2017).

Breeding FHB resistant cultivars is a sustainable disease management solution,

which has been achieved mainly through large disease nurseries. Several studies have

demonstrated a positive association between visual symptoms of FHB infection and

DON content in matured grains. However, this correlation is often moderate at best

[Buerstmayr et al., 2004; Choo et al., 2004; Buerstmayr et al., 2004; He et al., 2015;

Huang et al., 2018; Tucker et al., 2019]. Mycotoxin quantification is highly technical,

where sampling protocols, quality controls and choice of analytical technologies are

all implicated as important factors [Tittlemier et al., 2021]. Analytical chemistries are

expensive and labour requirements for harvest and processing grains are substantial.

FHB and DON content resistances are both under quantitative genetic control in

barley (affected by many genes, each with a small effect). Significant undertakings

have been made in genetic studies of biparental populations to identify quantitative

trait loci (QTL) for breeding resistant barley cultivars [Fernando et al., 2021]. While

QTLs have been identified for FHB and DON, they are limited by the minimal level

of genetic variance they explain, environmental specificity, and common association

with negative agronomics such as extreme heading date and tall stature. Incorpo-

rating major QTLs from moderately resistant source ‘Chevron’ such as Qrgz-2H-8
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into elite backgrounds, did not result in sufficient resistance levels [Linkmeyer et al.,

2013]. Some commercial success has been achieved in developing moderately resis-

tant cultivars such as six-row, malting barley ‘Quest’, through pyramiding of multiple

resistances [Smith et al., 2013]. Association mapping was able to identify QTLs inde-

pendent of negative agronomic traits, however these were small, only explaining 1-3%

of the observed variance [Massman et al., 2011].

Cereal crops (Poaceae family, Triticeae tribe) are characterized by their large

genomes, with frequent repetitive elements [Mascher et al., 2017]. With plummeting

cost of genomic tools and availability of highly improved reference genomes, modern

breeding approaches are now possible, which take advantage of genome-wide marker

capabilities for the use in predicting complex traits [Jannink et al., 2010]. In the

face of this challenge, genomic prediction of FHB has been possible using statistically

based methodologies in hexaploid (bread) wheat [Rutkoski et al., 2012; Arruda et al.,

2015; Jiang et al., 2015; Mirdita et al., 2015; Hoffstetter et al., 2016; Dong et al.,

2018]; durum (pasta) wheat [Steiner et al., 2019; Moreno-Amores et al., 2020] and

six-row barley [Sallam and Smith, 2016; Abed et al., 2018]. While cereal genomes

are complex, initial results of genomic prediction for FHB and DON content are very

promising, and demand further investigation.

Traditional statistical algorithms such as Best Linear Unbiased Prediction (BLUP)

and variants [Burgueño et al., 2012; Cuevas et al., 2017; Ferrão et al., 2017; Cuevas

et al., 2019; Howard et al., 2019] have been applied in many genomic prediction

problems. These models are mostly linear in nature and perform well for additive

traits. Machine learning methods have been applied in genomic prediction with mod-
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erate success [Heslot et al., 2012; Ogutu et al., 2011b; Poland et al., 2012; González-

Camacho et al., 2018]. The machine learning methods claim to capture non-additive

effects better than the statistical methods [Heslot et al., 2012]. Deep learning is a sub-

set of machine learning that is gaining popularity for genomic prediction [Rachmatia

et al., 2017a; Ma et al., 2018; Jubair and Domaratzki, 2019; Khaki and Wang, 2019].

Deep learning differs from traditional machine learning by applying multiple networks

along with non-linear functions that often imitate how the human brain learns and

identifies patterns based on the learned representations. Under the training phase of

genomic prediction, these deep learning algorithms take inputs of genotype data of

different cultivars, and their corresponding phenotypes, to learn the parameters of the

model. During the testing phase, only the genotype data of other cultivars is used

as input and the trained model predicts the corresponding phenotypes of the test

data. These deep learning methods have performed equally or better than existing

statistical methods [Ma et al., 2018; Jubair and Domaratzki, 2019; Khaki and Wang,

2019]. For an overview of deep learning algorithms and their application in genomic

prediction, we refer the readers to a recent review [Montesinos-López et al., 2021].

Neural networks such as feed-forward neural networks [Rachmatia et al., 2017a;

Khaki and Wang, 2019] and Convolutional Neural Networks (CNNs) [Ma et al., 2018;

Jubair and Domaratzki, 2019] have been applied in genomic prediction. The feed-

forward network can be compared to n linear regressions where these n linear regres-

sions are the hidden neurons of the feed-forward network. The output neurons of the

CNN also represents multiple linear regression models where the linear combination

is produced from a very small subset of markers. CNN uses a sliding window allowing
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it to slide through the whole input space. Both feed-forward network and CNN do

not reflect the polygenic interactive effects of markers as the relationship between

markers are not considered in these algorithms.

Transformers are a family of deep learning algorithms that have been initially

applied to Natural Language Processing (NLP) tasks such as classification, next sen-

tence prediction and topic identification [Devlin et al., 2018; Raffel et al., 2019; Brown

et al., 2020]. Historically these methods perform well when trained on a large amount

of data [Devlin et al., 2018; Raffel et al., 2019; Brown et al., 2020] and can be used for

transfer learning. Apart from NLP, Transformer architecture has been successfully

applied to other fields such as image processing [Bazi et al., 2021; Dosovitskiy et al.,

2020]. In this work, we proposed a Transformer-based genomic prediction model

for predicting FHB and DON for barley. The Transformer consists of three main

components: the self-attention, feed-forward networks, and layer normalization. The

self-attention mechanism calculates the attention score for all genetic markers con-

cerning a specific genetic marker [Vaswani et al., 2017] which helps to find the relation

among markers. The layer normalization function converts each input marker to zero

mean and unit variance. The Transformer network mainly identifies the inter-relation

among markers.

Hardy-Weinberg equilibrium is a principle that states the allele frequency of a

population will remain constant from generation to generation in the absence of dis-

turbing factors [Acquaah, 2009]. Under random mating, a population can obtain the

equilibrium even after a single generation if there are no selection pressures. The

principle also applies for the marker frequency and provides additional information
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about the population alongside genotype data [Acquaah, 2009]. In this paper, we

apply Hardy-Weinberg equilibrium values as an input encoding for markers.

Hundreds of genes may contribute to a phenotype, such that identifying the top

contributing genes and related markers is a challenging task. Feature selection algo-

rithms identify essential features for a specific task [Saeys et al., 2007; Tang et al.,

2014] and have been successfully applied in many classification problems of bioin-

formatics [Saeys et al., 2007]. Mutual information is a filter based feature selection

algorithm that identifies top features based on a set of classes and features. Top fea-

tures identified using mutual information may represent targets which bear biological

value.

In this work, we evaluate a Transformer-based deep learning method, GPTrans-

former, that uses genotypic and phenotypic data to predict FHB severity and DON

levels in a two-row barley population. Our specific objectives were to (i) compare the

accuracy of the GPTransformer model to existing genomic prediction methods, (ii)

study the outcomes of the model if categorical encoding was used or marker frequency-

based encoding was used, and (iii) investigate the effect of feature selection on genomic

prediction using mutual information and examine the biological relevance of the top

markers identified by the mutual information method. The Transformer network is

trained using a graphical processing unit (GPU). As the internal mechanism of the

Transformer creates a four dimensional matrix of size batch size×number of heads×

number of markers2 at a certain point, which requires a large amount of GPU mem-

ory, the feature selection process also helps us to solve the GPU memory issue of the

Transformer.
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4.2 Methodology

4.2.1 Genotyping

The seed for a genetic panel was collected for a total of 400 spring habit two-row barley

genotypes of mixed usage types of malt (171) and feed (229). Pure seed was provided

by the Crop Development Centre, University of Saskatchewan, Saskatoon, Canada

(CDC) for a diversity panel of barley (92) breeding lines tested in the Western Cana-

dian Cooperative Two-Row Barley Registration Trials (WCTBRT) 1994-2006 [Beattie

et al., 2010]. Additional elite lines (176) were selected from 2001-13 WCTBRT based

on past performance, with the majority from three breeding programs: CDC; Field

Crop Development Centre, Olds College; Agriculture and Agri-Food Canada (AAFC),

Brandon Research and Development Centre. Moreover, breeding lines (105) target-

ing FHB resistance and involving crosses to exotic sources, were also selected from

these programs. The remainder of lines were represented by American and exotic

germplasm.

Two seeds were germinated on moist cotton balls for a week. At the two-leaf stage

[Zadoks et al., 1974], leaves were cut from a single plant and flash-frozen in liquid

nitrogen, then freeze-dried in a lyophilizer (Labconco Corporation, Kansas City, MO,

USA). Genomic DNA was extracted from 100 mg of tissue using Qiagen, DNeasy 96

Plant Kit (Qiagen, Canada). The isolated DNA was evaluated by a NanodropTM

1000 spectrophotometer (Thermo Fisher Scientific Inc., Wilmington, DE, USA) for

quality and concentration, then normalization to 50 ul mL-1. Samples were assayed

on an Illumina iScan (Illumina, San Diego, CA, USA) using a custom iSelect - 50K
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SNP microarray [Bayer et al., 2017] at AAFC, Morden Research and Development

Centre, Morden, MB. A custom cluster file provided by M. Ganal (TraitGenetics

GmbH, Germany) was used to call SNP alleles using Illumina GemomeStudio V2.0.5

software (Please see data availability statement). Data were filtered for ≥ 5% minor

frequency alleles and ≤ 20% missing data.

4.2.2 Field Studies

FHB nurseries were grown in 2014 and 2015 at 3 locations: Brandon, Manitoba

(49°51’56.0”N 99°58’57.7”W); Carman, Manitoba (49°29’52.9”N 98°02’19.2”W) and

Carberry, Manitoba (49°54’16.6”N 99°21’19.0”W). The experiments followed a ran-

domized complete block design at all locations (n = 3) with two replications per site.

Plots were sown with approximately 30-40 seeds and consisted of 0.9 m rows, 30 cm

row spacing (Brandon, Carberry) or 1 m rows, 34 cm row spacing (Carman). Two in-

oculation methods were used. Brandon and Carberry experiments were inoculated by

the grain spawn method, where maize kernels infected with 2 isolates each of 3ADON-

and 15ADON-producing strains of F. graminearum were spread on the soil surface at

5 g m−2 at flag leaf then weekly for 3 total applications. Irrigation was applied after

first inoculum application until all plots were rated. Experiments at Carman were

sprayed with a macroconidia suspension of 3ADON and 15ADON isolates in equal

proportions and standardized to 5× 104 spores ml−1. Plots were misted and sprayed

at 75% spike emergence and then again two days following.

Plots were rated at the soft dough (Zadoks - Z85) stage. A visual scale (0-5) was

used to evaluate a composite measure of incidence and severity (A. Tekauz, personal
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communication), where 0 = no infection. 1 = incidence low, up to 5% of spikes;

severity low, 1 or 2 kernels per spike affected (up to 7% of head). 2 = incidence low

to moderate, 5 to 15% of spikes infected; severity low to moderate, 1 to 4 kernels (up

to 15% of head). 3 = incidence moderate, 15 to 30% of heads; severity moderate,

2 to 8 kernels (up to 25% of head). 4 = incidence moderate to high, 30 to 50% of

spikes infected; severity moderate to high, 4 to 12 kernels (up to 40% of head). 5

= incidence high, 50% or more spikes affected; severity high, 5 to 15+ kernels (up

to 50%+ of head diseased). Additional data were collected on days to heading (date

50% of row headed minus seeding date) at Brandon and Carberry and plant height

(distance of soil surface to tip of spike excluding awns) at all locations.

Grains were harvested at maturity, using a stationary research combine with low

wind speed setting, then dried in a high capacity drier for a few days. Grains were

cleaned using an SLN3 sample cleaner (Pfeuffer GmbH, Kitzingen, Germany). A 20

g subsample was removed, cleaned free of debris and/or chaff then ground using a

Perten 3610 lab mill with fine particle disc set (PertenElmer Inc. Waltham, MA,

USA). Deoxynivalenol content was analyzed by enzyme-linked immunosorbent assay

(ELISA) technique using Veratox ® 5/5 (Neogen Corporation, Lansing, MI, USA)

as per kit protocol (limit of detection = 0.1 mg kg-1). Samples were each tested in

sub-sample pairs, where samples deviating by > 10% were repeated.

4.2.3 Allele Frequency Based Encoding

As the barley population is diploid, a locus A can have two alleles, A and a and three

genotypes AA, Aa and aa. We replaced the classical representation of genotype of
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a marker (1, 0, -1) with genotypic frequency by applying Hardy-Weinberg equilib-

rium [Acquaah, 2009]. The frequency of alleles is calculated for each genetic marker.

Suppose, the genotype AA and Aa appear D and H times respectively for a specific

genetic marker. If the population size is N , the total number of alleles will be 2N .

Then, the frequency of allele A for a specific genetic marker is calculated by applying

equation 4.1.

p =
2D + H

2N
(4.1)

The frequency of the allele a is q = 1− p. After calculating the allele frequency of

a genetic marker, the expected genotypic frequencies of genotype AA, Aa and aa for a

specific marker is obtained from p2, 2pq and q2. These expected genotypic frequencies

are used as marker values for the machine learning algorithms.

4.2.4 Transformer

In this paper, we examine the application of Transformer, a variety of neural net-

works. Deep neural networks have been applied to GS in the past. See the survey of

[Montesinos-López et al., 2021] for details on previous applications. The Transformer

is a family of deep learning algorithms successfully applied to various NLP tasks

such as classification, sequence to sequence modeling, and next sentence prediction.

The Transformer architecture has two major components: i) encoder and ii) decoder

[Vaswani et al., 2017]. In this work, we use the encoder part of the Transformer along

with an additional feed-forward network 4.1. The encoder of the Transformer archi-

tecture contains an embedding layer, a multi-head self-attention layer, and finally a



Chapter 4: GPTransformer: A Transformer-based deep learning method for
predicting Fusarium related traits in Barley 94

feed-forward neural network.

The purpose of the embedding layer is to obtain an n = 8-dimensional expanded

representations of markers. In this work, a feed-forward neural network is applied as

the embedding layer. The input of the embedding layer is m markers and the output

is an m × n-dimensional vector. The vector is then reshaped to an (m,n)-matrix

to obtain m expanded representation of the markers. The output of the embedding

layer is then passed to a multi-head attention network.

The multi-head attention network is based on the self-attention mechanism. The

input of this layer is the expanded representation of the markers obtained in the

embedding layer. The main building block of the multi-head-attention is the self-

attention mechanism that calculates the attention score for all other expanded repre-

sentations of markers with respect to a specific expanded representation. To calculate

the self-attention, at first, each embedded marker creates three vectors: a query vec-

tor q, a key vector k and a value vector v by applying a linear transformation on the

embedding. The query vector is the candidate expanded representation with respect

to which the attention is measured while the keys are the set of expanded represen-

tations where the importance scores are assigned. The attention score is calculated

as:

Attention(Q,K, V ) = softmax(
QKT

√
dk

)V (4.2)

In equation 4.2, Q is a matrix of all the queries, K is a matrix of all the keys and

V is a matrix of all the values and dk is the dimension of keys. The last step is to

generate a summation of the previous step, which produces the self-attention layer’s
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output. In a multi-head attention setting, the Transformer model creates h indepen-

dent linear representation from queries, keys and values. These h representations are

then concatenated and passed through a linear projection layer to obtain the final

output.

In Figure 4.1, a residual connection from the output of the input embedding layer

is added to the output of multi-head attention. A layer-normalization is applied to

the output of the residual connection. The Transformer block contains another feed-

forward network and a layer-normalization after the feed-forward layer. The N in

Figure 4.1 indicates that this Transformer block can be stacked N times and the

output of the Nth encoder block will be the input of the feed-forward layer that

predicts the phenotypes.

4.2.5 Residual Fully Connected Neural Network

We now describe our second deep learning model which is based on a feed-forward

network with residual connection. In general terms, a residual neural network is a

neural network that has one or more residual connections. Residual connections allow

skipping of layers in a neural network. In our implementation, the first layer of the

Residual Fully Connected Neural Network (RFCNN) is a feed-forward neural network

that takes M markers as the input and performs a linear transformation to produce

an n-dimensional hidden representation of the markers. This hidden representation is

the input of the batch-normalization layer. The batch-normalization layer normalizes

the current batch by its mean and standard deviation. As the feed-forward network

and batch normalization performs a linear operation on the input data, we apply
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Figure 4.1: Transformer architecture.

the activation function ReLU to the batch-normalization layer’s output. ReLU will

return 0 if the input is ≤ 0; otherwise, it will return x where x is the input and thus,

introduces the non-linearity. The output of ReLU is going to be the input of the next

feed-forward network. In figure 4.2, the residual connection is shown as the arrow on

the left-side of the figure skipping over the intermediary layers. A residual connection

is added from the output of each odd ReLU layer to each odd batch-normalization

layer (except the first batch-normalization). The residual block can be stacked N

times. The output layer is the feed-forward network that predicts the phenotypes.
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Figure 4.2: Residual Fully Connected Network architecture.

4.2.6 Other Statistical and Machine Learning Models for Base-

line Comparison

Decision Tree

Decision Trees (DTs) are common statistical and machine learning methods used for

predictive modelling. The baseline DT regressor models used in this analysis were
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built with the Scikit-learn [Pedregosa et al., 2011] Python module under default set-

tings. To train the models, an input dataset of an n× p matrix of encoded genotypes

and a n-dimensional vector of known corresponding phenotype responses were sup-

plied. At each node, splits based on the SNP markers are considered and the highest

quality split is chosen; in this case, the quality measure of the split is the mean

squared error. This process continues recursively, splitting the data into subsets of

instances at each internal node, until the branches terminate with leaf node and pro-

duce a response value. The values at the leaf nodes are the arithmetic mean of the

known associated response variables to the instances that are present in the adjoin-

ing edge. With a fitted model, genotypes with an unknown phenotype response can

be predicted by iteratively testing the SNP marker values against the trees decision

procedure until a leaf node is reached.

Linear Regression

Like the DT models, the linear regression (LR) models used in this analysis were built

with the Scikit learn Python module using default settings. LR fits a linear model

by calculating coefficients on the independent terms that minimize the sum squared

error between the known observations responses and the approximated predictions.

The following is the form of the linear models:

y = Xβ + ε (4.3)

where y is the n-dimensional vector containing response variables (phenotypes) for

each of n input genotypes. X is the n× p matrix (n genotypes and p markers in each
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genotype), β is a p-dimensional column vector of unknown coefficient parameters, and

ε is the n-dimensional unknown random error column vector. The linear regression

model tries to learn β to make phenotype prediction.

Ridge Regression Best Linear Unbiased Prediction

The ridge regression (RR) models were built using JMP Genomics 9 [JMP Genomics,

1989-2021]. This process computes Best Linear Unbiased Predictions (BLUPs) that

linearly correlate the genotypes, based on the input marker encodings, to a trait

variable of interest. RR-BLUPs are linear mixed-models of the following from:

y = Fδ + Zγ + ε (4.4)

where y is the n-dimensional column vector containing response variables (pheno-

type) for each of n genotypes, F is the n × q matrix of known fixed-effects, δ is a

q-dimensional column vector of unknown fixed-effects parameters, Z is the n× p ma-

trix of known random-effects (n encoded genotypes), γ is the p-dimensional column

vector of unknown random-effects parameters, finally, ε is the n-dimensional unknown

random error column vector. It is assumed that the residuals ε and random-effects γ

are normally distributed, ε∼N(0, Iσ2
ε) and γi∼N(0, σ2

γi
) where I is the identity ma-

trix and σ2
γi

are assumed equal for all SNP markers. The unknown model parameters

are estimated from the solution of the mixed-model equations [Henderson, 1984]. A

scoring file is produced that contains an equation of a linear combination of SNP

markers for predicting phenotype response from the testing set data.
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4.2.7 Train-Test-Validation Split

To divide the data into train, test and validation sets, we follow the recommendation

of Runcie and Cheng [2019]. We randomly split the data in 85% - 15%, where 85%

is the training data and the remaining 15% is the test data. From the training data,

we again perform three random splits of 85% - 15%. The first 85% is the training set

and the rest 15% is the validation set. Thus from the data, we created three training

sets, three validation sets and one test set.

To further investigate the reliability of the proposed GPTransformer model, we

again perform k random splits of the dataset into 70% - 15% - 15% train-test-

validation sets (k = 3). This time, in each split, the test set also changes along

with the training and validation set.

4.2.8 Feature Selection

Feature selection methods identify features that contribute to a specific expression.

In our work, the purpose of the feature selection is to identify those genetic markers

that contribute towards low FHB or low DON levels. We applied mutual information

feature selection, a filter based method, where the input is the genetic markers and the

phenotypes and the output is a mutual information score (ranging 0-1). Discretization

was performed where we divide the genotypes into three bins based on phenotypes

(lowest 25%, middle 50%, highest 25%). The categories are the labels and the genetic

markers are the features of mutual information algorithm which produces a mutual

information score for each marker. The final mutual information score for each marker
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is the average mutual information score over the three training sets. Markers with

average mutual information of ≥ 0.02 were selected.

4.2.9 Training Transformer

The input embedding of the Transformer network converts each marker to an eight-

dimensional vector (hidden dimension, n = 8). Thus, if each genotype contains m

genetic markers (m = 25, 000 before performing feature selection), the input embed-

ding layer’s output will be an (m,n) matrix. This (m,n) matrix is the input of the

multi-head attention. As the multi-head attention computes pairwise attention be-

tween each marker, the operation will result in an (h,m,m, n) matrix where h is the

number of heads. This operation has significant memory requirements for the GPU.

For instance, on this dataset, it requires over 48 GB of memory.

To circumvent memory limitations, only selected features of mutual information

are taken as the Transformer network input. We also pass only one genotype at

each batch for training. Thus, the input of the embedding layer is all the markers

of a genotype selected by the mutual information algorithm. The output is an (f, n)

dimensional matrix where f is the number of markers. This (f, n) matrix will be

the input of the Transformer encoder. Our Transformer neural network contains two

Transformer encoder blocks (N = 2). We use two heads (h = 2) for each multi-head

attention layer and each feed-forward block inside the Transformer encoder contains

256 hidden neurons. The final Transformer encoder’s output is also an (f, n) matrix

which is flattened to create a vector that contains f × n elements. This vector is

the input of the last feed-forward network which contains one output neuron. We
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use the mean square error (MSE) loss function along with the Adam optimizer. The

learning rate of the optimizer is 1e − 5. If there is no improvement in MSE loss in

the validation set for ten consecutive epochs, we stop the training.

4.2.10 Training Residual Fully Connected Neural Network

The first feed-forward layer takes m markers (all the markers) or f markers (feature

selected) as an input and produces a 512-dimensional hidden representation. Each

subsequent feed-forward layer takes the previous layer’s input and produces a 512-

dimensional hidden representation. The last feed-forward layer contains only one

output neuron. We stack five residual blocks (N = 5) one after another. We also use

MSE as the loss function and Adam as the optimizer with a learning rate of 1e− 5.

4.3 Results

The Pearson Correlation Coefficient (PCC) was calculated to measure the perfor-

mance. The PCC calculates the linear relation between the true output and predicted

output. The PCC value ranges from −1 to 1 where 1 indicates a perfect linear relation

between the predicted phenotypes and the true phenotypes whereas −1 indicates the

opposite relationship between the true and predicted phenotypes.

In the remainder of the paper, especially in figures, we will denote Hardy-Weinberg

genotype based encoding as HW, categorical encoding as CAT, Decision Tree algo-

rithm as DT, Linear Regression as LR and Residual Fully Connected Neural Network

as RFCNN.
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4.3.1 Phenotype Assessment

The distribution of FHB and DON is shown in Figure 4.3 for all locations and years.

It is observed that the FHB values are distributed over a 0.3 to 4.8 range (1.75±0.04),

while the DON values range from 4.9 to 36.9 mg kg-1 (13.96±0.21) (Supplementary

table S1). For both phenotypes, the distribution curve is similar to a normal dis-

tribution, however, a degree of positive skewness was observed in FHB (0.881) and

DON (0.976). Shapiro-Wilk W tests conducted on FHB (W=0.947, Prob <0.0001)

and DON (W=0.963, Prob <0.0001) indicated a degree departure from normality.

Departures from normality were most obvious in tail regions of the distributions.

Figure 4.3: Distribution of phenotypes for Fusarium head blight (FHB, 0 − 5) and
deoxynivalenol content (DON, mg kg−1) for all locations and years.

Though from Figure 4.3 it seems there may be a linear relation between FHB

and DON, it is found that the Pearson Correlation Coefficient (PCC) between the

two phenotypes is 0.381 (p < 0.0001). Figure 4.4 shows a scatterplot of FHB vs.

DON for each genotype. From Figure 4.4, it is observed that there is a very little

correlation between the two phenotypes, which is reflected by the PCC score. This

https://www.frontiersin.org/articles/10.3389/fpls.2021.761402/full#supplementary-material
https://www.frontiersin.org/articles/10.3389/fpls.2021.761402/full#supplementary-material
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leads us to expect that similar genomic selection models may not immediately perform

similarly when predicting the two phenotypes. FHB and DON were also examined

for relationships with days to heading (r = −0.18, P < 0.004; 0.18, P < 0.0003) and

height (r = −0.60, P < 0.0001;−0.21, P < 0.0001).

Figure 4.4: Fusarium head blight (FHB, 0−5) vs. deoxynivalenol content (DON, mg
kg−1) for each of the barley genotype tested. Correlation between FHB and DON is
0.381.

4.3.2 Effect of Encoding Technique

Two encoding techniques were implemented: i) categorical encoding (-1, 0, 1) and ii)

genotype frequency-based encoding that follows Hardy-Weinberg equilibrium. Fig-

ure 4.5 shows the comparison of PCC between two encoding schemes for various

models. In most of the models, the categorical encoding outperforms the genotype

frequency-based encoding. In the BLUP, correlation is very close to each other for

both traits as the correlation score varies from 0.001 to 0.003 based on different traits.
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For Transformer, Hardy-Weinberg encoding improves the correlation by 6.9% for FHB

and 9.6% for DON. This can be explained by noting that, with the categorical en-

coding, the values of genotypes are 1, 0 and -1, and the heterozygous alleles will

be considered neurons that do not have any effects. In particular, Figure 4.6 shows

the effect of categorical encoding in the embedding layer. As the embedding layer’s

output is the input of the multi-head attention, multi-head attention also ignores any

effect of heterozygous alleles. When applying genotype frequency-based encoding,

different alleles of a specific gene have different values and these values even differ

from gene to gene. For example, allele AA for gene X and allele AA for gene Y may

appear in different frequencies and will have different Hardy-Weinberg values. Thus,

the embedding layer does not suffer from multiplying-by-zero problems and improves

the performance of the Transformer.

4.3.3 Effect of Feature Selection

No single molecular marker dominantly explained significant portions of the variation

for FHB or DON. However, specific markers could be identified as ‘top features’ which

may be associated with genes of interest which may operate closer to oligogenic vs.

polygenic fashion (Supplementary Data Tables S2A & S2B). Biological endorsement of

genomic features for FHB and DON were investigated through analysis of SNP effect

annotations of markers on the 50K SNP chip [Bayer et al., 2017]. The top molecular

markers with the highest mutual information are displayed in the supplementary file.

Gene annotations generally concurred with resistance patterns.

In most of the experiments, when the machine learning or statistical methods are

https://www.frontiersin.org/articles/10.3389/fpls.2021.761402/full#supplementary-material
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Figure 4.5: Comparison of Pearson Correlation Coefficient based on encoding tech-
niques. HW and CAT represents Hardy-Weinberg and categorical encoding. The
correlation is measured between the target and predicted phenotypes. Decision Tree,
Linear Regression, BLUP, Residual fully connected neural network and Transformer
are applied for each encoding technique.

Figure 4.6: Categorical encoding when applied to a fully connected layer.

trained using all the markers, they performed better. Figure 4.7 shows the comparison

of correlation scores between models trained on all markers and models trained on

selected markers for DON. Using marker frequency as features for the DON, only
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the BLUP method with reduced markers shows minor improvement (0.4%) over the

BLUP method that uses all the markers. When the models were applied on categorical

features for DON, only Decision Tree shows a 2.1% improvement when reduced marker

sets were used as features. Recall that due to memory issues, the Transformer model

with the full set of markers was not executed, and thus is absent from Figure 4.7.

Figure 4.7: Comparison of Pearson Correlation Coefficient when taking all markers
as features vs. selected markers for DON. The PCC is measured between target and
predicted DON. Decision Tree, Linear Regression, BLUP, Residual fully connected
neural network and Transformer are applied for each encoding technique.

In Figure 4.8, we show the comparison of correlation scores between models trained

on all markers and models trained on selected markers for FHB. From the figure, we

observe a similar pattern for FHB that we observed for DON. In contrast to categorical

encoding, when using marker frequency as a feature value, selected markers improve

the performance of the FHB RFCNN model by 27.6%. For categorical encoding of

features, Linear Regression with selected features shows 4.2% improvement overall

features.

Though there is a significant increase in correlation score when all the markers
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Figure 4.8: Comparison of Pearson Correlation Coefficient when taking all markers
vs selected markers as features for FHB. The PCC is measured between target and
predicted FHB.

are used for machine learning models, none of the BLUP models show any significant

difference in performance when all markers or selected markers are used. Due to GPU

memory limits, it was not possible to use all the features for Transformer architectures.

4.3.4 Best Performing Models

Overall, BLUP and Transformer models that use genotype frequency as features ob-

tained better correlation scores than other models. Figure 4.9 shows the comparison

among the best models for FHB and DON. BLUP and Transformer’s performance

are competitive as we observe only 1% improvement over BLUP for DON and the

same correlation score for FHB.

Figure 4.10 shows the true versus predicted phenotype score using Transformer.

From the figure, we observed a linear relationship between the target and predicted

score, which also shows that the Transformer architecture performs well to predict
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Figure 4.9: Comparison among the best models for each machine learning or statistical
methods for DON and FHB.The PCC is measured between the target and predicted
values of the phenotype.

phenotypes.

Figure 4.10: True vs. predicted phenotypes for DON (mg kg−1) and FHB (0 − 5) on
the test set of 60 genotypes. As the PCC scores are 0.566 and 0.602 between the
actual and predicted values of DON and FHB, respectively, this shows there exists
some linear relationship between the actual and predicted values.
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4.3.5 Reliability of the GPTransformer Model

To understand how much reliable our GPTransformer model, we train and test the

model in three separate traning-validation-test splits. With the GPTransformer

model, the average PCC between the target and predicted phenotype for DON is

0.748 and for FHB is 0.703. The BLUP model obtained PCC of 0.789 and 0.681

for DON and FHB respectively. The PCC we obtained with different splits using

GPTransformer and BLUP models are not statisticallly significant as the p-value for

DON is 0.576 and for FHB is 0.639. In addition, we observe an improvement in the

average performance than the performance reported in the previous section when the

model is trained and tested on different subsets of data.

4.4 Discussion

Transgressive segregation is common for FHB and DON in barley, where it is typical

for offspring to deviate from mid-parent value. A greater degree of more suscepti-

ble genotypes was observed, which suggests that unique configuration of alleles over

multiple loci may be responsible for resistance [Zhu et al., 1999]. Such complexities

in multiple resistance genes which form near-continuous distributions may not be

accounted for under assumptions of statistical models examined herein. While the

machine learning approach did not substantially surpass the statistical models in pre-

diction, the ML approaches we have used here are capable of capturing non-additive

genetic components. Thus, the predictions given may be incorporating some of these

interactions in their prediction. However, we aren’t able to tell what effects are being
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modeled in the ML models because of their opacity.

The current study confirms previous association mapping analysis of FHB and

DON in barley [Massman et al., 2011], where quantitative trait loci (QTL) effects

were small. While minor in nature, genes may additively contribute to resistance

thereby lowering FHB and DON content. The advantage of such genes is that they

do not typically carry issues seen when incorporating larger QTLs from exotics which

tend to have tall stature or extreme heading date [Rudd et al., 2001]. In the context

of the current study, the number of days to heading was not strongly associated with

either character. Height was also weakly associated with DON content, however it

did demonstrate a moderate, negative relationship with FHB. Top feature molecular

markers and genes identified for FHB and DON did not overlap, as one might predict

based on their moderate-to-low trait correlation. Within barley, the relationship of

FHB disease and DON content is not as robust as seen in other cereals such as wheat.

Application of GEBVs based on DON content may offer a better target for developing

resistance, since it is the primary factor monitored by the industry.

Markers identified in the top features associated with FHB resistance were found

on chromosomes 1H, 3H and 7H and all chromosomes for DON content, exclud-

ing 1H. Annotations of associated genes generally displayed direct biological func-

tion of resistance mechanisms. For instance FHB was associated with auxin trans-

porter (HORVU1Hr1G073490) and response factor (HORVU7Hr1G033820), where

this plant hormone has been associated with FHB severity and yield loss in bar-

ley (Petti et a. 2012). Also identified were genes involved in -glucan synthesis cell

(HORVU7Hr1G003460, HORVU7Hr1G003460), which may contribute to resistance
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via wall reinforcements or anti-oxidant properties [Martin et al., 2018]. The molecular

marker BOPA2-12-31203 in the top features group in this study previously identi-

fied by Huang et al. [Huang et al., 2018] is a flanking marker for a QTL for FHB

severity in the centromeric region of 7H. As a result of this toxic function, DON

may induce programmed cell death (PCD, i.e. apoptosis). Development and Cell

Death (DCD) domain protein (HORVU3Hr1G017930) and autophagy-related pro-

tein 18 (HORVU3Hr1G017150) underling removal of damaged cells may be involved

in this process. Such top genomic features only explain a small percentage of total

phenotypic variation for FHB and DON and could not be individually implemented

under a marker-assisted selection program. However, biological functions associated

with genes and markers highlighted above amongst others, may help explain why

feature selections of a reduced marker subset may facilitate predictions with similar

proficiency as when using all markers.

The proposed GPTransformer model takes the relationship among genetic markers

into account within the model. The self-attention mechanism of the Transformer as-

signs a high weight to those markers that are associated with another specific marker.

After applying the self-attention module, each obtained neuron is a combined rep-

resentation of the genetic markers that are related to a specific marker. As many

markers contribute towards a specific phenotype, GPTransformer has a unique at-

tribute compared to other machine learning and statistical methods that takes marker

relationships into account.

The frequency-based marker representation technique we applied for representing

each allele carries more information as it indicates the zygosity and the frequency of
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the allele. The traditional categorical encoding (1, 0, -1) only indicates the zygosity

and remains the same for all the genetic markers. As each allele of a genetic marker

is represented by its fixed frequency value, the frequency-based encoding provides

us the information of the frequency as well as the zygosity. Though the frequency

value remains the same within the same genetic marker for a specific allele, it may

differ between different genetic markers. Thus, when the GPTransformer is combined

with the frequency-based encoding, it performs better than the traditional categor-

ical encoding-based model. The frequency-based representation is in the range of

0-1 and minimizes issues of vanishing gradient that may occur when training the

GPTransformer or other neural network models.

The stability of the proposed model is tested with three different training and test

data and the result shows the standard deviation of PCC on the test data for FHB is

0.04 and for DON is 0.09. The standard deviation of the BLUP model for FHB and

DON for the same three different training and test is 0.008 and 0.04 respectively. The

deviation from the average PCC for three different runs is higher for other machine

learning methods we experimented with. This shows that the GPTransformer model

is stable compared to other machine learning methods and as good as the popular

BLUP model.

While the time commitment is higher and taking up to an hour to train the

GPTransformer, it only took 24 epochs to complete training. The time complexity of

the RFCNN is much lower than the Transformer though it took approximately 200

epochs to train. The most expensive task in the Transformer is the self-attention that

requires substantial time and memory to complete. We ran both machine learning
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models on an Intel Xeon E5-2690 v4 processor and an NVIDIA Tesla P40 GPU, which

contains 24 GB memory. With our Transformer architecture, we were able to fit all

the markers that have mutual information ≥ 0.02. To fit all the genetic markers, a

larger memory or multi-GPU instance is needed.

Though the performance of most of the machine learning methods improves when

all the markers are used for prediction, the Transformer architecture outperforms

other methods with selected markers. To the best of our knowledge, this is the first

method that uses Transformer architecture for genomic prediction. This work showed

that this method could outperform existing machine learning methods with fewer data

and obtain state-of-the-art performance. Based on the performance in the language

model domain, it is expected that with an increased amount of data, the performance

of the Transformer model will also increase.

Our work shows the potential of the Transformer-based method for genomic pre-

diction. Though Transformer generally performed well with a large amount of data in

other fields, in this work, we showed that when trained on a small dataset, the Trans-

former encoder performs equally or better compared to the existing machine learning

and statistical methods. As the genotype data generally contains many markers, cal-

culating self-attention in a GPU will require a large amount of GPU memory that

may not be available. Our feature selection step in the model addresses the mem-

ory issue of the Transformer method. This step reduces the number of markers and

identifies the biologically relevant markers for a specific phenotype. We also applied

genotype frequency-based encoding for each genotype. This encoding performs bet-

ter when combined with the Transformer. If a large amount of data is available,
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the number of Transformer encoder blocks can be increased which may increase the

overall performance.

Conflict of Interest Statement

The authors declare that the research was conducted in the absence of any commercial

or financial relationships that could be construed as a potential conflict of interest.

Funding

This research was funded by the Brewing and Malting Barley Research Institutes

(BMBRI), Manitoba Crop Alliance, Growing Innovation: Agri-Food Research and

Development Initiative (ARDI) project to D. Fernando and A. Badea. Support was

also delivered through part of the Barley Cluster project led by Alberta Barley with

funding from the Western Grains Research Foundation and Agriculture & Agri-Food

Canada (AAFC) under the Growing Forward 2 program.

Acknowledgments

We gratefully thank Kevin Moore, Roger Larios and AAFC Brandon wheat breed-

ing crew for Pathology technical assistance in FHB nurseries. We thank Bill Legge

for project management of research in AAFC Brandon FHB nursery. We acknowl-

edge Aaron Beattie, CDC, University of Saskatchewan and Pat Juskiw, FCDC, Olds

College for providing breeder seed. We thank Barinder Bajwa, Shuzhen Zhang and



Chapter 4: GPTransformer: A Transformer-based deep learning method for
predicting Fusarium related traits in Barley 116

Mira Popovic for assistance in genotype assay. We thank Aria Dolatabadian, Abbot

Oghenekaro, and Liang Zhao for reviewing the manuscript.

Data Availability Statement

The data discussed in this publication have been deposited in NCBI’s Gene Expression

Omnibus [Edgar et al., 2002] and are accessible through GEO Series accession number

GSE188791 (https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE1887

91)

https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE188791
https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE188791


Chapter 5

GxENet: Novel Fully Connected

Neural Network Based Approaches

to Incorporate GxE for Predicting

Wheat Yield

117



Chapter 5: GxENet: Novel Fully Connected Neural Network Based Approaches to
Incorporate GxE for Predicting Wheat Yield 118

Sheikh Jubair1, Olivier Tremblay-Savard1, Mike Domaratzki2

1 – Department of Computer Science, University of Manitoba, 66 Chancellors Cir, Win-

nipeg, MB R3T 2N2

2 – Department of Computer Science, University of Western Ontario, 1151 Richmond

St, London, ON N6A 3K7

This chapter is an adaptation of the article Jubair et al. [2023] published

in Artificial Intelligence in Agriculture in 2023.

Author Contributions

SJ: Conceptualization, Methodology, Formal analysis, Investigation, Writing - original

draft, Writing- review and editing; OTS: Writing - review and editing; MD: Writing

- review and editing, Supervision.

Abstract

The expression of quantitative traits of a line of a crop depends on its genetics,

the environment where it is sown and the interaction between the genetic informa-

tion and the environment known as GxE. Thus to maximize food production, new

cultivars are developed by selecting superior genotypes of seeds suitable for a specific

environment. Genomic selection is a computational technique for developing a new

cultivar that uses whole genome molecular markers to identify top lines of a crop.

A large number of statistical and machine learning models are employed for single

environment trials, where it is assumed that environment does not have any effect

on the quantitative traits, and for multi-environment trials, where the assumption
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is that crop genomics does not affect quantitative traits. However, it is essential to

consider both genomic and environmental data to develop a new cultivar, as these

strong assumptions may lead to failing to select top lines for an environment. Here

we devised three novel deep learning frameworks incorporating GxE within the deep

learning model and predicted line-specific yield for an environment. In the process,

we also developed a new technique for identifying environment-specific markers that

can be useful in many applications of environment-specific genomic selection. The

result demonstrates that our best framework obtains 1.75 to 1.95 times better cor-

relation coefficients than other deep learning models that incorporate environmental

data depending on the test scenario. Furthermore, the feature importance analysis

shows that environmental information, followed by genomic information, is the driv-

ing factor in predicting environment-specific yield for a line. We also demonstrate

a way to extend our framework for new data types, such as text or soil data. The

extended model also shows potential to be useful in genomic selection.

Keywords– genomic prediction, multi-environment trial, deep learning,

GxE, enviromics

5.1 Introduction

Food crop production faces impending challenges in feeding the global population,

including increasing population, reduction in agricultural inputs, and global climate

change. These challenges have led to global problems in food security. Around 85

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

reported in 2016, which resulted in around 193 million people facing severe hunger
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across 36 countries [FAO, 2022]. This crisis has been worsened recently both by

human made and natural phenomena, such as domestic food price inflation, war and

pandemic [FAO, 2022; World Bank Group, 2022; UN World Food Programme, 2022;

Kakaei et al., 2022]. To address this problem, we need to produce more food with

the limited resources available by creating improved cultivars that can perform well

in different environments.

A line is a crop organism from which we obtain genetic information after geno-

typing. To create a new cultivar with improved traits, we need to consider a line’s

genetics and its interaction with the environment where it is sown [Washburn et al.,

2021; Lin et al., 2020]. This phenomenon is known as genotype by environment in-

teraction (GxE), which refers to the fact that even if a cultivar produces the desired

values of quantitative traits in one environment, it may not provide us with the same

outcome in another environment [Lenz et al., 2017]. Thus, any tools that are devel-

oped to aid in crop breeding need to replicate the impact of GxE within the model by

incorporating genetic and environmental information. In this work, we aim to build

such computational tools that estimate a trait even before sowing the crop.

The advancement of the next-generation sequencing technology, such as genotyp-

ing by sequencing (GBS) and restriction-site associated DNA sequencing (RAD-seq),

enables us to capture the genetic diversity among different lines of the same species

[Le Nguyen et al., 2019; Esposito et al., 2019]. These sequencing technologies usually

provide us with many molecular markers, typically covering the whole genome of the

species. These markers can be employed for studying genetic diversity, identification

of quantitative trait loci for a specific trait [Boudhrioua et al., 2020; Zhang et al.,
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2019; Zegeye et al., 2018; Tang et al., 2018] and for estimating genomic breeding

values for different 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].

The environment of a crop is the combination of the weather, soil and field man-

agement information of where it is sown [Washburn et al., 2021; Khaki and Wang,

2019]. While the weather and soil information includes precipitation, temperature,

pressure, radiation, wind speed, humidity, day length, soil electrical conductivity,

calcium carbonate, saturated hydraulic conductivity, gypsum content and pH, field

management variables include management practices such as sowing pattern, number

of pre-irrigations, and the amount of fertilizer and insecticide applied on the field

[Washburn et al., 2021; Lin et al., 2020; Khaki and Wang, 2019; Montesinos-López

et al., 2019c; Shook et al., 2020; Khaki et al., 2020; Guo et al., 2020; Sandhu et al.,

2021a]. The effect of environment variables on crops differs from growing cycle to

growing cycle even for the same trait and line [Sonkar et al., 2019; Tadesse et al.,

2019]. For example, researchers developed different wheat varieties suitable for differ-

ent traits and weather conditions such as heat-stressed [Ly et al., 2018], high rainfall

[Tadesse et al., 2010] and favourable environments where crops are provided with

optimum water and heat [Juliana et al., 2017].

Genomic selection (GS) is a computational technique of selecting top lines to

create new cultivars. GS takes genotyped data and, increasingly, environmental in-

formation as input and predicts quantitative traits as outputs [Khaki and Wang, 2019;

Hayes et al., 2001]. There have been many genomic selection applications that use

machine learning with genomic data only [Zhang et al., 2019; Jubair et al., 2021a;
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Ma et al., 2018; Gianola et al., 2011; Pérez-Rodŕıguez et al., 2012; González-Camacho

et al., 2012, 2016; Rachmatia et al., 2017b; Jubair and Domaratzki, 2019]. This type

of genomic selection is known as a single-environment trial as it is assumed that the

environmental effect on plants remains constant; hence they are not able to capture

the environmental effect on genotypes of a line. Then, some genomic selection models

take environmental information only as the input and predict average quantitative

trait of lines for that specific environment [Lin et al., 2020; Shook et al., 2020; Khaki

et al., 2020]. As no genetic information is given as the input to the models, they also

do not capture the effect of the environment on genotypes. These models are known

as multi-environment models as they are able to predict average quantitative traits

for different environments. On the other hand, other more recent multi-environment

models consider both environmental and genomic data and the interaction between

them to predict line specific phenotype [Washburn et al., 2021; Khaki and Wang, 2019;

Montesinos-López et al., 2019c]. However, the process of building multi-environment

models incorporating environmental and genomic data is not well understood. In this

work, we aim to build novel machine learning approaches for a wheat dataset that

combines genomic and environmental information that is capable of making predic-

tions in novel environments where previous crop performance data is not available.

As GS for multi-environment trials requires different types of data, such as weather

and genomic data, incorporating these pieces of data together to capture GxE is

a significant challenge. Deep learning (DL) methods that employ neural networks

are known for their ability to handle heterogeneous data and have been successfully

applied in some recent papers for GS with multi-environment trials [Washburn et al.,
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2021; Lin et al., 2020; Khaki and Wang, 2019; Montesinos-López et al., 2019c]. The

main building blocks of deep learning models are artificial neural networks, such

as fully connected neural networks (linear layers), recurrent neural networks and

convolutional neural networks. Each deep learning model has at least one input layer,

more than two hidden layers of neural networks and an output layer. The input and

output of the neural networks are the neurons, where the input layer neurons are the

input features such as genetic marker data or environment variables. The input to the

hidden neural networks are the features from the previous layer and produce a learned

feature representation as the output by applying some functions, based on the type

of employed neural network. Finally, the output layer takes the output of the last

hidden layer as the input and employs the neural network functions to make the final

prediction. In this work, all our proposed frameworks employ fully connected neural

networks where each neuron in a hidden layer is the linear function of all neurons

of the previous layer. Thus each neuron of the current layer represents summarized

information of all previous neurons.

In this work, we proposed three deep learning frameworks that combine genotyped

data and environmental information, such as weather and field management data, to

replicate GxE and predict wheat yield in multi-environment trials. These frameworks

differ on how GxE is incorporated within the deep learning model or whether field

management information is integrated. Overall, we have the following contributions:

• We proposed a novel concept of global and local marker sets for feature se-

lection where the global marker sets are the markers important for yield pre-

diction irrespective of any environment. On the other hand, local markers are
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environment-specific important markers for a certain trait.

• We devised two deep learning frameworks where we carefully modelled the inter-

action between weather variables and genotyped data and predicted line-specific

yield value of wheat. The proposed frameworks perform better than a frame-

work similar to an existing multi-environment framework [Khaki and Wang,

2019]. 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 information contribute

to predicting yield in our models. We observed that while some environmental

variables make a bigger positive contribution, a large number of genetic markers

makes smaller contributions to estimating the yield.

• We extended one of the frameworks (third framework) to integrate unstructured

text about field notes. This shows that the proposed models can be extended

when new sources of data emerge.

5.2 Materials and Methods

5.2.1 Dataset

Genotyped and phenotyped data

Genotypic data for Spring Wheat (Triticum aestivum) is collected from the CIMMYT

dataverse used in the Feed the Future Innovation Lab [Poland et al., 2021]. The phe-

notypic data and the environmental information are also obtained from the CIMMYT
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dataverse for four different nurseries: International Bread Wheat Screening Nursery

(IBWSN), High Rainfall Wheat Yield Trial (HRWYT), Elite Selection Wheat Yield

Trial (ESWYT) and Wheat Yield Collaboration Yield Trial (WYCYT). Here, the

meaning of trial and nursery is the same, and we will use trial to indicate both of

them in the later part of this work. Each trial is located in many places. Trials are

also categorized into different mega-environments based on weather conditions such

as the amount of rainfall, soil acidity, the necessity of irrigation, and altitudes of the

locations. Thus locations in a trial have similar weather conditions. Typically lines

are sown in multiple cycles, and in a cycle, the same lines are sown in numerous

locations of the same trial. The cycles are usually numbered, such as 45th IBWNSN

and 1st WYCYT, where the first part indicates the cycle number and the second part

is the trial. We collected the data of 1st WYCYT to 6th WYCYT, 11th HRWYT to

27th HRWYT, 29th ESWYT to 36th ESWYT and 36th IBWSN to 52nd IBWSN.

Although the locations of the CIMMYT wheat breeding program have eight

mega-environments, our collected data mostly falls in two mega-environments: mega-

environment 1 and mega-environment 2. Locations in mega-environment 1 have

favourable conditions for wheat breeding where rainfall is usually low and irrigation is

optimal. On the other hand, locations in mega-environment 2 are high rainfall areas

where precipitation occurs during the growing cycle, and irrigation is not needed.

Table 5.1 shows the nursery information along with their mega-environment informa-

tion.

Locations in mega-environment 1 have favourable conditions for wheat breeding

where rainfall is usually low and irrigation is optimal. On the other hand, locations
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in mega-environment 2 are high rainfall areas where precipitation occurs during the

growing cycle, and irrigation is not needed. Table 5.1 shows the nursery information

along with their mega-environment information.

Table 5.1: Environments of each nursery. ME refers to Mega-Environment. CIMMYT
has 6 mega-environments for Spring Wheat.

IBWSN HRWYT ESWYT WYCYT

Rainfall Low rainfall >500mm Low rainfall Mixed

Mega-Environment ME1 ME2 ME1 Mixed

Irrigation Optimal No Optimal No information

Overall Condition Favourable
Rainfall during
cropping cycle

Favourable Mixed

The lines were sown over multiple years in different location which we are going

to refer as a site-year (combination of locations and year). As the environment of a

specific location is not constant and changes each year, each site-year is considered

a different environment. Table 5.2 shows the number of unique locations and lines,

number of cycles and total lines for each nursery type. From the table, we observe

that IBWSN trials have the highest number of unique lines that are sown in 171

unique locations which creates 72,776 line-site-year combinations. The quantity of

line-site-year combinations of IBWSN trials are followed by ESWYT, HRWYT and

WYCYT respectively.

Table 5.2: Nursery-type specific information of genotypes and locations

IBWSN HRWYT ESWYT WYCYT
Unique Locations 171 122 216 77

Unique lines 2619 305 369 109
Number of Cycles 17 14 8 6

Number of line-site-year combinations 72776 6984 25712 3012

We performed the Anderson-Darling test to check whether the distributions of

yield in any of the trials follow a normal distribution. Our result shows that none of
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the four trials are normally distributed as the statistics of the Anderson-Darling test

range from 224 to 11, which is much higher than the critical values of all significance

levels. Table 5.3 shows the detailed result of the test along with their significance

levels.

Table 5.3: Anderson-Darling test of yields distribution. As the statistics are larger
than the critical values of all significance levels, the hypothesis that the data comes
from a normal is distribution is rejected.

Critical Values

Trials
Test

Statistics
15% 10% 5% 2.5% 1%

IBWSN 224.479 0.576 0.656 0.787 0.918 1.092
HRWYT 193.598 0.576 0.656 0.787 0.917 1.091
ESWYT 28.912 0.576 0.656 0.787 0.918 1.092
WYCYT 11.149 0.576 0.656 0.787 0.917 1.091

Weather data

The weather data for each site-year is collected from the CIMMYT dataverse from

1990 to 2018 containing all locations of International Wheat Improvement Network

(IWIN). The weather data contains 769 locations along with nine weather variables of

each location such as the hourly average amount of precipitation, maximum relative

humidity, minimum relative humidity, shortwave radiation (MJ/m2/d), maximum

and minimum temperature (C), maximum vapour pressure deficit (kPa), 2m wind

speed (m/s) and 10m wind speed (m/s). Although the sowing date of crops are

recorded in entirety, there are many missing values for when the crops are harvested;

hence, we consider nine months of environmental data as the input to the machine

learning model. The nine months period starts at least two months before the sowing

date to capture the environmental effect on the soil before sowing (as the sowing date
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is available), and the following seven months are considered as the growing season. A

monthly average of all the weather variables for each of the nine months are calculated,

which provides us with 9 × 9 = 81 weather variables for each environment.

Field notes

Field notes are obtained from the CIMMYT dataverse for each site-year. These notes

are mostly unstructured text and contain a wide variety of information. Data also

differs from trial cycle to trial cycle. This data contains information such as how much

and which fertilizer is applied, disease development information, number of irrigations

before sowing, moisture available before sowing, major weed species, soil aluminum

toxicity and many more. Though our aim was to collect information before sowing,

we are unable to verify that all the information in this data is taken before sowing.

5.2.2 Train-Test Split

From the genotyped data, we created five different training, test and validation par-

titions where each set has 70%-15%-15% training, validation and test split. While

dividing the data, we ensure that lines that are selected for the test set in a partition

are not observed in the training set. Thus the training data contains the information

of the environments where this 15% test will be sown as other lines are already sown

in those environments. As the model already observed the environment of test lines in

the training data, in later part of this work, we will refer this test case as environment

observed scenario or test scenario one.

For each previously created partitions, we also randomly sample some locations
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with 85% probability that the location will be in the training set and 15% probability

that the location is in the test set. In this scenario, if the location is in the test set,

we did not include any of the site-year data for that location in the training set or

validation set. Although most of the lines in the test set were sown in other site-

years, the training set also does not contain the 15% lines separated for testing in the

previous step. Thus there may be some lines in the test set that are not present in the

training data. As the model did not observe the test locations in training data, we will

refer this test case as environment unobserved scenario or test scenario two. Finally,

the training-test partitioning strategy creates two test scenarios for each partition: i)

no lines in the training set are also in the test set, but the test set and training set

may contain different lines grown in the same environment, and ii) the training data

and the test data do not contain any locations in common, but the training set may

contain information on how some lines performed in other site-years.

5.2.3 Weather data clustering

In this work, we group site-years into clusters to identify statistically related loca-

tions and use these groups to find group-specific important markers. To obtain the

grouping, we calculated the yearly average of each weather variable for each location

from 1990 until 2019 of all IWIN locations. We then applied hierarchical agglomer-

ative clustering with the number of clusters c = 25. The output of the clustering

method is the cluster assignment for each site-year. Finally, one of the cluster cat-

egories is assigned to a location in which the site-year combination of that location

is the most frequent. Though we clustered all IWIN locations, there are 320 unique
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IWIN locations (1483 site-year) in four trials for which we identified the cluster cat-

egory. The primary purpose of clustering in our work is to use the cluster to find

environment-specific important markers. Thus we did not focus on finding the ap-

propriate number of clusters. We use the cluster category information of a location

to identify cluster-specific important markers of wheat for yield.

5.2.4 Feature selection

Each marker in our dataset is represented by three values: 1, 0, -1. We applied the

Hardy-Weinberg equilibrium (HW) [Acquaah, 2009] to each marker in the training set

to obtain the genotype frequency. Each genotype is then replaced by one of the three

quantities obtained from applying HW. As we have five training sets, each marker

of a line will have five frequency values. An average of these five frequency values

is used as the genotype frequency. Figure 5.1 shows an example of how the average

frequency is calculated.

Figure 5.1: Markers represented by the average genotype frequency. Here, the ex-
ample is shown with three training sets. We used five training sets to calculate the
genotypic frequency average of each marker.

Research shows that some markers contribute toward yield irrespective of the
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environment [Lenz et al., 2017]. Also, some specific markers contribute more in a

specific condition. For instance, Lenz et al. [Lenz et al., 2017] demonstrated that

selecting the top 250 previously known important markers of black spruce results in

the same correlation coefficient score obtained by randomly selecting 4,993 markers.

They also observed that selecting fewer than 500 markers randomly decreases the

correlation score between the predicted traits and the true traits. When the important

markers are not known, previous research shows that feature selection methods were

able to identify biologically and statistically significant markers for yield prediction

[Jubair et al., 2021a]. Thus by applying feature selection, we aim to identify important

markers irrespective of any environment (global marker set) as well as markers that

play an essential role in a specific condition (local marker set).

To identify the global marker set, the first step is to calculate the average yield

of each line over all environments. After finding the average yield of lines, mutual

information (MI) regression [Ross, 2014] feature selection is applied to each marker.

Again, as we have five different training sets, each marker will have five different MI

scores. We calculated the average MI score for all the markers across five folds and

then selected the top 2000 markers with the highest MI scores. Figure 5.2 shows how

MI is obtained for a specific training set.

Figure 5.2: Top global marker selection procedure. An average of phenotypes across
all site-year is calculated for each line. Then, mutual information is applied.
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To obtain the local marker set, we first exclude all markers that are in the global

marker set. Then an average phenotypic value is calculated for all lines in each

environmental cluster obtained previously in section 5.2.3. For each cluster, the

average MI (averaged over all training sets) for each marker is measured and the top

100 markers were chosen for each cluster. As the global feature sets are excluded

from these markers, the expectation is that the identified markers are more related to

the environmental effect. This marker selection process selected another 2052 unique

markers. After combining global and local marker sets, we have 4052 markers for

our machine learning model. Figure 5.3 shows the procedure for obtaining the local

marker set.

Figure 5.3: Top local marker selection procedure (markers were not shown). Tables
in the figure shows how average phenotype is calculated. 100 markers are selected
from each individual cluster. There are 25 clusters in total. As some markers are
common among the clusters, this leads to 2052 unique local markers.

5.2.5 Deep Learning Framework 1 (F1)

We now describe our first DL framework. This framework was designed to test

whether genomic and environmental information can be treated equally as data in
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the model, and whether genomic markers can be scaled with environmental data to

capture a marker-by-environment effect. In this framework, the first step is to repre-

sent markers of each line with their genotype frequency, as described in section 5.2.4.

After obtaining the genotype frequency, global and local marker sets are obtained

by applying the procedure described previously, again in section 5.2.4. As different

environmental variables have different ranges of values and the genotype frequency

obtained by applying HW ranges between 0 and 1, environmental variables are nor-

malized by applying Min-Max scaler [Buitinck et al., 2013] to bring them in the same

range of genotype frequency. The input to the deep learning model is lines represented

by 4052 markers and the corresponding normalized site-year environmental data. The

output of this model is the predicted yield. Figure 5.4 shows the overall workflow of

deep learning framework 1. We applied three different deep learning models in this

framework. The major difference between the three models is their depth and when

the environmental information is integrated. Details of the deep learning models are

given below.

Deep learning model 1 (F1M1)

In this model, the assumption is that all the markers and weather variables may in-

teract with each other at the same time. The input to the model is the concatenated

vector of marker data and weather variables totalling 4133 input neurons. It then

contains 15 blocks of linear and ReLU layers which are followed by an output regres-

sion layer. The output of the odd blocks are connected by a residual connection from

the previous odd block to the current odd block. Figure 5.5 shows the architecture
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Figure 5.4: Deep learning framework 1 workflow. In this workflow, we employed three
different deep learning models.

of this model. This model is similar to the model of Khaki and Wang [Khaki and

Wang, 2019] as both models employed linear layers and consider that all environmen-

tal variables and markers to interact with each other at the same time. We will refer

to this variant of the F1 framework as the F1M1 framework.

Deep learning model 2 (F1M2)

To imitate the interaction between all environment variables and a marker, the first

block of this model is 4052 parallel linear layers, where the input of each linear layer

is all 81 environmental variables along with one marker. We chose 54 neurons as

the hidden neurons for the linear layers by experimenting with various numbers of



Chapter 5: GxENet: Novel Fully Connected Neural Network Based Approaches to
Incorporate GxE for Predicting Wheat Yield 135

Li
ne

ar

Re
LU

Li
ne

ar

Re
LU

Li
ne

ar

Re
LU

Li
ne

ar

Re
LU

Input: 4133 neurons
Output: 770 Neurons

Li
ne

ar

Marker + 
Weather 
variables

Residual Connection

Estimated 
yield

...   ...

...   ...

Figure 5.5: Architecture of the deep learning model in the F1M1 framework. This
model concatenates the marker and weather variables and passed to a linear neural
network block that contains a linear and ReLU layer. The architecture of this model
is similar to the model of [Khaki and Wang, 2019]

output neurons as they minimize the validation loss for some initial epochs quicker.

A ReLU is applied on the stacked output, followed by a block of linear and ReLU

layers. A linear layer is applied as the regression layer at the end. Figure 5.6 shows

the architecture of the deep learning model in the F1M2 framework. We will refer to

this variant of the F1 framework as the F1M2 framework.

Deep learning model 3 (F1M3)

The intuition of the deep learning model in the F1M3 framework is that markers

interact with each other even before they interact with the environment. It is the

result or summary of the marker interaction that interacts with the environment.

To imitate this, we constructed a deep learning model with fifteen blocks of neural

networks. Each block contains a linear layer followed by a ReLU activation function.

The first linear layer of the first block is the input layer, which takes all the selected

markers as the input. The output of this layer is a 750-dimensional vector. The
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Figure 5.6: Architecture of deep learning model in the F1M2 framework.

subsequent 11 blocks of neural networks take the input from the previous block and

again produce an output of a 750 dimensional vector. A residual connection between

the odd blocks of the first 12 blocks of neural networks is employed to make sure

that none of the blocks suffer from the vanishing gradients problem. After the first

12 blocks of neural networks, 750 parallel linear layers were employed where the

input of each linear layer was all 81 environment variables along with one of the 750

neurons from the previous block. The outputs of each of these linear layers are 54-

dimensional vectors that are stacked together. After the parallel linear layers, another

three blocks of neural networks are applied with a residual connection between the

output of parallel neural networks and the output of block fourteen. After these three

neural network blocks, a linear layer is applied to perform regression. Figure 5.7 shows
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the neural network architecture. We will refer to this variant of the F1 framework as

the F1M3 framework.
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Figure 5.7: Architecture of the deep learning model in the F1M3 framework. Output
of each odd number of ReLU layer is connected through a residual connection.
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5.2.6 Deep Learning Framework 2 (F2)

Previous research shows that deep learning models can successfully predict traits for

trials where the input is the genomic information [Zhang et al., 2019; Jubair et al.,

2021a; Ma et al., 2018; Gianola et al., 2011; Pérez-Rodŕıguez et al., 2012; González-

Camacho et al., 2012, 2016; Rachmatia et al., 2017b; Jubair and Domaratzki, 2019]

or weather information [Lin et al., 2020; Shook et al., 2020; Khaki et al., 2020]. In the

former scenario, the predicted traits are the average of all locations for a specific line.

In the later scenario, the predicted traits are the average over all genotypes grown

in a specific environment. To estimate traits in multi-environment, statistical models

such as BLUP and GBLUP try to capture the average effect of genetic information

and then add variance due to environmental changes. Inspired by their architecture,

we first learn representations of genotyped data and environmental variables sepa-

rately. These two models are optimized to predict the average yield over environment

and over genotypes respectively. We then concatenate these two representations and

predict the environment-specific yield for a specific line assuming that markers and

environments work as two groups and one group has an effect on another group for

environment specific yield prediction of each line.

Figure 5.8 shows the proposed deep learning framework 2. This deep learning

framework is based on one deep regression model and two deep representation learning

models: i) optimized for an average yield of a line over all environments (line-specific

average yield) and ii) optimized for predicting average yield over all lines for an

environment (environment-specific average yield). The first step for predicting line-

specific average yield is to identify the global marker set by applying the procedure
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described in section 5.2.4. After obtaining the global marker set, a neural network

model is trained with this marker set as features to predict the line-specific average

yield. The last layer before the regression layer of this neural network model produces

a 256-dimensional representation vector for each line which is one of the inputs to the

deep regression model.

The input to the second representation learning model optimized for predicting

environment-specific average yield is nine months of environmental variables for each

site-year. This model produces a representation of a 54-dimensional vector for each

input for the environmental variables. After training and testing these two models,

for each site-year, the representation vectors of these two models are concatenated,

which serve as the input to the deep regression model that predicts yield for each site-

year. This framework will be referred to as F2. Now, we describe the architecture of

each of the models of F2 individually.

Representation learning model optimized for predicting line-specific aver-

age yield

Figure 5.9 shows the representation learning model that predicts the average yield

over environments. The input to this model is a line represented by marker frequency.

Each block of neural networks contains a linear layer, a leaky ReLU activation function

and a dropout layer. The hidden layer of the liner layer contains 2000 neurons in the

first five blocks of the model. The last three blocks of neural networks have 666,

444 and 296 hidden nodes. All leaky ReLU layers have the same slope of 0.1 for the

negative values. The first five dropout layers have the probability of 0.5 to drop a
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Figure 5.8: Deep learning framework 2 (F2).

neuron. The next two dropout layers have the probability of 0.4, and the last dropout

layer has the probability of 0.2 to drop a neuron. The last layer is the regression layer

that predicts average yield across environments.

Representation learning model optimized for predicting environment-specific

average yield

Figure 5.10 shows the representation learning model that predicts average yield over

lines. The input to this model is the environmental variables of nine months normal-

ized by a min-max scaler. There are four blocks of neural networks where each block
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Figure 5.9: Representation learning model for predicting line-specific average yield.

contains a linear layer, a ReLU activation function and a dropout layer. Each block

produces an output of 54 hidden neurons with a dropout probability of 0.25. The

last layer is the regression layer that predicts the average yield for an environment.

e 1
e 2

e 8
1

En
vi

ro
nm

en
ta

l v
ar

ia
bl

es

...
 

Li
ne

ar

Re
LU

Dr
op

ou
t

Li
ne

ar

Re
LU

Dr
op

ou
t

Re
gr

es
si

on
 

La
ye

r

X 
3 O
ut

pu
ts

 o
f a

ll 
hi

dd
en

 la
ye

rs
 h

as
 

64
 n

eu
ro

ns
 

Re
pr

es
en

ta
tio

n 
ve

ct
or

Av
er

ag
e 

yi
el

d 
fo

r a
n 

en
vi

ro
nm

en
t o

ve
r l

in
es

Figure 5.10: Representation learning model for predicting environment-specific aver-
age yield.
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Yield prediction model

Figure 5.11 shows the yield prediction model. This is a shallow model that contains

three blocks of neural networks. Each block has a linear layer and a ReLU activation

function. The last layer is the regression layer that predicts yield for a specific line in

a specific environment.
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Figure 5.11: Yield prediction model for predicting line specific yield for each site-year.
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5.2.7 Deep Learning Framework 3 (F3)

None of the previous two frameworks contain any information about the field man-

agement and soil information. In this framework, we integrated unstructured text

data which may provide information about management and field conditions.

Figure 5.12 shows framework 3. This framework is an extension of the F2. The

major difference between the two frameworks is that an agri-bert model [Rezayi et al.,

2022] is employed to obtain a representation of soil and environment-related text. A

768-dimensional representation is obtained for all texts and then an average repre-

sentation is calculated for each site-year. The length of all individual notes are less

than 256 tokens. As the maximum length of texts of the agribert model is 512 tokens,

it can obtain the representation of the full note. This 768-dimensional vector is also

concatenated with the output of two representation learning models and provided as

the input to the shallow model.

5.2.8 General settings of deep learning models

All the models are optimized using the Adam optimizer with a learning rate of 1e−5.

Mean square error is applied as the loss function. Training is stopped when there is

no improvement in PCC for the validation set in at least 30 consecutive epochs. For

training these models, two GPUs are used: i)NVIDIA RTX A6000 and ii) NVIDIA

GeForce GTX 1080. Training time depends on which GPU we are using. Overall,

training time is much less in NVIDIA RTX A6000 GPU as this is faster than the

NVIDIA GTX 1080. Overall, the training times of models in F1M2 are higher than
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Figure 5.12: Deep learning framework 3 (F3).

any other models as they are much larger in terms of parameters. Deep learning

models in F2 and F3 frameworks are faster to train than all other models.

5.3 Results

5.3.1 Environment Data Cluster

To understand how similar the locations are in the same cluster, we applied TSNE on

the yearly average of weather variables to reduce the dimension to a three-dimensional

space of each site-year. We then label each site-year by its nursery and cluster as-

signment to visualize how separable the site-years are in the three-dimensional space.
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Figure 5.13 shows how different trials and clusters are mapped in a three-dimensional

space. From the figure on the left (site-year weather data by nursery), we observe that

the trials are not well separable from each other in a three-dimensional space though

they are created based on similar environments. On the other hand, from figure on

the right (site-year weather data by cluster group), we observe that the groupings

created by the clustering algorithm have better separability than the nursery-based

grouping. As it is very difficult to understand the figure with this large number of

clusters, we also generated interactive figures for both1.

Figure 5.13: Site-year weather data by nursery (left) and cluster group (right). Each
point in the figure indicates a site-year. Different colors either indicate a nursery
(left) or a cluster group (right).

1see https://htmlpreview.github.io/?https:
//github.com/sheikhjubair/gs_multi_env_nn/blob/main/figures/trial_cluster.html and
https://htmlpreview.github.io/?https:

//github.com/sheikhjubair/gs_multi_env_nn/blob/main/figures/cluster_label.html

https://htmlpreview.github.io/?https://github.com/sheikhjubair/gs_multi_env_nn/blob/main/figures/trial_cluster.html
https://htmlpreview.github.io/?https://github.com/sheikhjubair/gs_multi_env_nn/blob/main/figures/trial_cluster.html
https://htmlpreview.github.io/?https://github.com/sheikhjubair/gs_multi_env_nn/blob/main/figures/cluster_label.html
https://htmlpreview.github.io/?https://github.com/sheikhjubair/gs_multi_env_nn/blob/main/figures/cluster_label.html
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5.3.2 Effect of adding environmental variables

We experimented with three deep learning models in deep learning framework 1

(F1M1, F1M2 and F1M3), where these models differ primarily on how the envi-

ronment and genotype interactions are captured within the model. In the F1M1, the

assumption was that all genomic and environmental factors interact with each other

at the same time. On the other hand, in the F1M2, the assumption is that each

marker separately interacts with the environment first, and the resulting outcome

then affects yield. Finally, in the F1M3, the relationship between markers is first

taken into account, and then the environment interacts with the combined marker

relationship to estimate yield.

During training, as we have five folds, we trained and tested the F1M1 and F1M3

for all folds. However, after training the first fold, we identified that the F1M2

significantly overfits as we obtained a low Pearson Correlation Coefficient (PCC)

on test and validation data (≈ 0.11) and a high PCC (≈ 0.8) on training data.

Furthermore, as 4052 parallel fully connected neural networks are employed just after

the input layer, the trainable parameters and training time are also very high for this

F1M2 model (around 1.5 hours per epoch on NVIDIA GTX 1080). Thus, we did not

train the F1M2 for the rest of the folds.

Table 5.4 shows the F1M1 and F1M3 comparison on the test sets. From the

table, we observe that models in F1 that consider genetic interaction first and then

capture GxE (F1M3) perform better on the following two test case scenarios: i) when

environments are observed, but lines are not (test scenario one) and ii) when lines

may be observed, but locations are not (test scenario two). Models in F1M3 are 1.62
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to 2.05 times better than F1M1 counterparts on PCC score for different folds of test

scenario one. Models in F1M3 also outperform models in F1M1 in the second test

scenario, with PCC scores 1.35 to 1.82 times higher than F1M1 on different folds.

However, the standard deviation of the F1M1 is lower than the F1M3, which indicates

that models in F1M1 have less variations (more stable performance) across folds.

Table 5.4: Comparison of PCC over five folds between F1M1 and F1M3 for test
scenario one and test scenrio two. Green colour indicates better performance.

Folds
F1M3

(test scenario
one)

F1M1
(test scenario

one)
F1M3/F1M1

F1M3
(test scenario

two)

F1M1
(test scenario

two)
F1M3/F1M1

1 0.697 0.375 1.85 0.359 0.257 1.39
2 0.759 0.372 2.04 0.382 0.257 1.48
3 0.690 0.354 1.94 0.470 0.258 1.82
4 0.740 0.360 2.05 0.353 0.260 1.35
5 0.677 0.417 1.62 0.452 0.258 1.75

Average 0.712 0.375 1.89 0.403 0.258 1.56
Std 0.031 0.022 0.041 0.001

5.3.3 Effect of global markers vs global + local markers in

F1M3

To understand the effect of the global and local marker sets, in this section, we present

the results obtained when our F1M3 framework is trained with the global marker set

only. Thus the input to this F1M3 framework is 2000 markers instead of the 4052

markers. The rest of the architecture is the same as the previous F1M3. Figure 5.14

shows the performance of the two models in the F1M3 on two test scenarios. From the

figure, we observe that although models in F1M3 trained only on the global marker

set have higher PCC values in four folds out of five on test scenario one, we observe

the opposite outcome for test scenario two. The average PCC value of test scenario

one trained with the global marker set is 0.729, which is 1.7% higher than the model

trained on the global + local marker set. However, the average PCC value of test
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scenario two trained with global marker set is 0.381, which is 2.2% lower than the

models trained on the global + local marker set. We also conducted a t-test on the

PCC scores for both test scenarios. The p-value of test scenario one is 0.543 and

test scenario two is 0.524 which indicates that the PCC score of the two models has

identical variance and there is not a statistically significant difference between the

two ways of training the model. Overall, the results showed that the effect of the

environment-specific markers on the models is minimal for predicting yield. However,

local markers improve PCC when the model does not observe the locations.

Figure 5.14: Comparison of PCC scores of F1M3 models trained on global markers
and global + environment specific markers and evaluated on the test scenario one
(left) and test scenario two (right).

5.3.4 Performance of the F1M3 vs the F2

Our F2 framework is the combination of three different deep learning models. The

first representation learning model is a deep learning model that predicts line-specific

average yield. Table 5.5 shows the PCC scores across five-fold for both test scenarios.

The average PCC for test scenario one, where the model knows environments is 0.606.

However, when the environments were not observed, the average PCC goes down to
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0.167. As the input to this model is genotyped data and the output is average yield,

this model supports the observation of other recent research which is models that do

not incorporate environmental information are not suitable for predicting top lines

for a new environment [Washburn et al., 2021; Lin et al., 2020; Khaki and Wang,

2019; Montesinos-López et al., 2019c].

Table 5.5: PCC scores across five folds of the representation learning model of the F2
framework for predicting line specific average yield.

Folds Test scenario one Test scenario two
1 0.549 0.030
2 0.691 0.070
3 0.594 0.160
4 0.578 0.298
5 0.601 0.281

Average 0.606 0.167

The objective of the second representation learning model is to capture the en-

vironmental effect on yield by estimating the average yield over genotypes for an

environment. Table 5.6 shows PCC scores across five folds for both test scenarios.

From the table, we observe that although the average PCC in the observed environ-

ment is higher than in the second test scenario, the performance in the second test

scenario is also satisfactory as PCC score 0.518 indicates that there exists some linear

relationship between the target and predicted average yield.

The yield prediction model of the F2 framework estimates the environment-specific

yield of a specific line by combining the representation learnt from the previous two

models. Figure 5.15 shows the PCC scores for five folds on both test scenarios.

The average PCC score of the yield prediction model of the F2 framework in test

scenario one is 0.734, while the average PCC score of F1M3 was 0.712, indicating
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Table 5.6: PCC scores across five fold of the representation learning model of the F2
framework that predicts environment specific average yield.

Folds Test scenario one Test scenario two
1 0.786 0.503
2 0.844 0.564
3 0.797 0.480
4 0.855 0.536
5 0.837 0.507

Average 0.823 0.518

2.2% improvement over F1M3 framework. Although the average PCC score of the

yield prediction model of the F2 framework for test scenario one is higher, we observe

that the models in F1M3 have higher PCC scores in two folds out of five, indicating

no clear advantage of using one framework over another. However, in test scenario

two, yield prediction models of the F2 have higher PCC scores in all five folds, with

an average PCC of 0.454 which is 5.18% improvements over the F1M3. The result

demonstrates that the F2 is the best architecture compared to all the variants of the

F1.

Figure 5.15: Comparison of PCC scores between F2 and F1M3 on test scenario one
(left) and test scenario two (right).

In all the reported results above, we calculated a global PCC score where we



Chapter 5: GxENet: Novel Fully Connected Neural Network Based Approaches to
Incorporate GxE for Predicting Wheat Yield 151

considered all cycles of all trials in the test set of a specific fold. As PCC measures

the linear relationship between actual yield and predicted yield, global PCC score

and cycle-specific PCC score of a trial may vary. Thus, we calculated cycle-specific

PCC scores to understand how our models perform for different cycles of a trial. As

there are lots of cycles and trials combinations, to present the result, we divided the

PCC score into three ranges: PCC ≤ 0 indicates the model did not learn anything,

0 < PCC ≤ 0.4 indicates the performance of the model is random and finally, PCC >

0.4 is our desirable range which indicates there exist some linear relationship between

predicted yield and true yield. Table 5.7 shows the result for our two test scenarios.

From the table, we observe that yield prediction models of the F2 framework have a

higher number of cycles with PCC scores > 0.4 compared to the models of F1M3. On

average, there are 30.2 cycles in the first test scenario across five-folds, and the F2

framework has 29.2 cycles with PCC > 0.4. In test scenario two, the average number

of cycles in the F2 framework with PCC > 0.4 is 5.4 while the average number of cycles

in each fold is 6.6. We also observe that eight unique cycles have PCC < 0.4 in F2,

with 51st IBWSN cycle having the most frequent appearance. While experimenting

with the F1M3 framework, we identified that 11 unique cycles have low PCC scores

(< 0.4), and again 51st IBWSN cycle is the most frequent across five-fold. Five cycles

with low PCC in the F2 framework are also present in F1M3. There is no specific

type of trials in the cycles that have low performance as the low-performance cycles

occur in all trials except WYCYT.
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Table 5.7: Number of cycles in each ranges of PCC for both test scenarios. The green
colour indicates the best framework.

Test scenario one Test scenario two
Fold PCC range Number of

cycles (F1M3)
Number of
cycles (F2)

Number of
cycles (F1M3)

Number of
cycles (F2)

PCC ≤ 0 0 1 0 0
0 < PCC ≤ 0.4 2 0 3 2

PCC > 0.4 27 28 3 41
Number of line and

site-year combination
12,543 22,996

PCC ≤ 0 1 1 0 0
0 < PCC ≤ 0.4 1 0 2 0

PCC > 0.4 31 32 5 72
Number of line and

site-year combination
14,915 15,884

PCC ≤ 0 1 0 1 1
0 < PCC ≤ 0.4 0 1 2 1

PCC > 0.4 28 28 7 83
Number of line and

site-year combination
14,094 17,068

4 PCC ≤ 0 0 0 0 0
0 < PCC ≤ 0.4 3 1 2 1

PCC > 0.4 30 32 2 3
Number of line and

site-year combination
12,792 24,312

PCC ≤ 0 1 0 0 0
0 < PCC ≤ 0.4 1 1 1 1

PCC > 0.4 25 26 5 55
Number of line and

site-year combination
12,684 20,400

PCC ≤ 0 0.6 0.4 0.2 0.2
0 < PCC ≤ 0.4 1.4 0.6 2 1Average

PCC > 0.4 28.2 29.2 4.4 5.4

5.3.5 Feature importance

To find the feature importance of environmental variables, we employed DeepLift

[Shrikumar et al., 2017] on the representation learning model optimized for predicting

environment-specific average yield (one of the components of F2). DeepLift measures

how the information is propagated along the network and assigns importance scores

(referred to as the attribution scores) to input variables. We used the Captum library

[Kokhlikyan et al., 2020] for DeepLift implementation and employed the default pa-

rameters to the DeepLift model. A positive attribution score for an environmental

variable means it is positively influencing the prediction, while a negative attribution
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score means the opposite.

Figure 5.16 shows the importance of each feature where each bar is an environmen-

tal variable. The variables are in the following order for each month: (1) precipitation,

(2) maximum relative humidity, (3) minimum relative humidity, (4) shortwave radi-

ation, (5) maximum temperature, (6) minimum temperature, (7) maximum vapour

pressure deficit, (8) wind speed 2m, (9) wind speed 10m. The figure shows that maxi-

mum temperature has a positive effect in the first two months. It is worth mentioning

that the first two months in our dataset are before sowing crops. In the third month,

maximum vapour pressure contributes more than any other environmental variables

for predicting average yield. We observe this trend for maximum vapour pressure for

the rest of the months of the growing cycle except the fifth month, where shortwave ra-

diation contributes more than the vapour pressure. The effect of shortwave radiation

increases significantly in the fourth and fifth months, and then goes down gradually.

In the third month, the importance of precipitation and maximum vapour pressure

increases as we enter the months when seeds are sown. The maximum temperature

has a continuous positive effect from the fifth month to the end of the growing cycle.

Both wind speed variables have little to no impact from the third month to the end.

To understand the effect of genomic information and environmental variables for

predicting environment specific yield of each line, we employed DeepLift in the final

model of the F2 framework that combines the output of two representation learned

models. Figure 5.17 shows the attribution scores of representation learned features

for both test scenarios. From the figure, we observe that although the number of

learned features of the environmental representation is less than the marker represen-
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Figure 5.16: Feature importance of weather variables obtained by employing DeepLift
on environment specific average yield model of F2. The left figure is the test scenario
one and the right figure is the test scenario two. Each bar in the figure represents an
environmental variable.

tation, they contribute more towards environment-specific yield estimation for a line.

However, many marker representation features have a small positive effect on the

outcome. Overall, this figure demonstrates the importance of adding more specific

environmental features for the genomic prediction task.

Figure 5.17: Feature importance of representation learning features obtained by em-
ploying DeepLift on the final deep learning model of F2 that combines marker rep-
resentation and environment variable representation to predict environment specific
yield for a line.
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5.3.6 Performance of the F3 Architecture

As the F3 model is the extension of the F2 and we could not verify that all the text

information for a specific environment can be obtained or predicted before sowing

crops, we did not make any comparison of the F3 with models other than F2; rather,

we presented it to demonstrate how other information such as text data or soil data

can be incorporated in the F2 architecture. However, as these text data are mostly

field management data collected before and during the growing season, this architec-

ture may play a vital role in selecting superior lines for the next growing cycle if there

are many similarities in field management among the growing seasons of a specific

location.

Figure 5.18 shows the PCC scores of the F3 architecture. The average PCC of

F3 is 0.741 for test scenario one and 0.467 for test scenario two. The F3 model

performs slightly better than the F2 in four folds in test scenario one and two folds

in test scenario two. We also conducted a t-test on the PCC scores for both test

scenarios. The p-value of test scenario one is 0.684 and test scenario two is 0.615

which indicates that the PCC score of the two models has identical variance and

there is not a statistically significant difference between the two results of the two

frameworks.

We also employed DeepLift on the F3 architecture to find out the text feature

importance. Figure 5.19 shows the attribution score of each input neuron to the final

deep learning model of the F3 architecture. The figure shows that environment and

marker representation have the most significant impact on yield prediction. While

94.25% of the marker representation neurons and 98.14% of the environmental neu-
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Figure 5.18: Comparison of PCC scores between F3 and F2 frameworks.

rons have a positive impact, only 26.11% of the text representation neurons have a

positive impact on environment-specific yield estimation of a specific line. This result

shows that the text data we had access to was not making an impact on our predic-

tion task. However, as these text data are very short text and heterogeneous, more

detailed and informative text data potentially could improve the model performance

or have more positive influence in the prediction.

Figure 5.19: Feature importance of representation learning features obtained by em-
ploying DeepLift on the yield prediction model of the F3 that combines marker rep-
resentation, environment variable representation and field notes representation to
predict environment specific yield for a line.
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5.4 Conclusion

In this work, we proposed three novel deep learning frameworks where the neural

network models vary mostly on how environmental information is incorporated into

the model. These models are curated to incorporate GxE. Among three models,

we identified that the framework which employs two representation learning models

optimized for predicting line specific average yield and environment specific average

yield and then combines these two representations to estimate environment-specific

yield for a specific line, is slightly better than the others. This framework shows

1.95 to 1.75 times better performance, depending on the test scenario, than some

existing deep learning models. Later, we extend the F2 framework by integrating

text data from field notes. Our evaluation shows that environmental information and

genomic data positively affect yield estimation, while most textual representation

has a negative effect. However, the text representation is learnt from a BERT-based

model known as agriBERT, which is primarily trained on agricultural journal papers.

As our texts are field notes, a BERT model trained on field notes would be more

suitable. Furthermore, text data is heterogeneous, and there are lots of variations

even within the same trial. Therefore, a more systematic approach for collecting field

notes may give meaningful insight into the machine learning model.

In this dataset, we do not have any information on the soil. As some research shows

that soil plays a vital role in yield [Washburn et al., 2021], adding soil information to

the model may help estimate yield more accurately. We showed that our F2 framework

could easily be extended by adding new information as we extended the F2 framework
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by adding field notes. While devising these frameworks, we assumed that the weather

of the growing season can be predicted ahead of time. Thus our models focus on only

estimating the traits of the crops by using a representation of the weather during the

growing season. Future work should incorporate weather prediction for the growing

season from historical weather. While obtaining the representation of the weather

variable, the input to the model was the monthly average of weather variables. Future

work should also try to determine the effect of incorporating weekly or daily weather

variables as the input to the model.

Finally, our F2 framework performs well in two test scenarios where the first test

scenario is more straightforward to predict than the second one. In the first test

scenario, we predicted yield in a scenario where environments are observed, but lines

are not observed in any of the environments during the training of the model. In the

second scenario, locations in test sets are not observed but the model may observe

lines during training. All the models have better performance in the first test scenario

compared to the second one. The result is understandable as the attribution score

obtained by employing DeepLift shows that weather variables play a significant role

in estimating yield.
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Chapter 6

Conclusion

In this research, we devised two novel deep learning methods for predicting traits

of a line for single environment trial and three deep learning frameworks to predict

environment specific yield of each line. In the ensemble method for single environment

trial, the ensembles are created using different subsets of markers while ensuring that

all markers in the marker set are present in the ensemble method at least once. The

results demonstrate that the performance of deep ensemble methods is as good as the

state-of-the-art DeepGS model.

The proposed GPTransformer model for predicting the severity of FHB and DON

content takes the relationship among genetic markers into account within the model.

The self-attention mechanism of the transformer assigns high weight to those markers

associated with another specific marker and uses these relationships to predict pheno-

types. The transformer model typically provides better results when a large amount

of data is available. However, the results of GPTransformer demonstrate either better

or equal performance on PCC scores compared to the statistical BLUP model when

160
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trained on 320 lines of barley. In addition, we proposed a frequency-based marker

representation technique that carries more information than the traditional categor-

ical marker representation. The major limitation of the transformer model is the

memory requirement for a large number of features. We addressed this problem by

selecting important markers identified by mutual information feature selection.

We proposed two novel deep learning frameworks for multi-environment trials

where the models in the frameworks vary how GxE is incorporated. The results

demonstrate that the performances of these frameworks are identical and better than

some of the existing works. In addition, we also extended one of the frameworks to

incorporate field notes. Our evaluation demonstrates that environmental information

and genomic data positively affect yield estimation, while most textual representation

has a negative effect. However, as these text data are very short text and heteroge-

neous, more detailed and informative text data could potentially improve the model

performance or have more positive influence on the prediction.

Future works need to focus on incorporating more data, such as more robust envi-

ronment and soil information, conditions of fields before sowing and sowing pattern,

both for single and multi-environment trials. Since different types of data have differ-

ent types of inter-relationship within them, they may need to be processed by different

deep learning models and, finally, combine the outcome of those models to predict

desired traits. Although we followed the same strategy in our representation learning

based multi-environment framework (GxENet F2 and F3), we optimized three deep

learning models of different tasks separately. Optimizing all the models simultane-

ously with a common loss function may further improve the framework. However, this
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may require more memory and time to train the model. In addition, more research

needs to be done on how environmental information can be added more meaningfully.

For example, environmental information summarized based on the different known

growth stages of the plants may reflect the effect of the environment on genotypes

more meaningfully. Data scientists and plant breeders may collaborate closely to pro-

vide expert opinions on their respective domains so that more meaningful data can

be collected at the proper interval and in an organized manner.
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A. Abed, P. Pérez-Rodŕıguez, J. Crossa, and F. Belzile. When less can be better:

how can we make genomic selection more cost-effective and accurate in barley?

Theoretical and Applied Genetics, 131(9):1873–1890, 2018.

G. Acquaah. Principles of plant genetics and breeding. John Wiley & Sons, 2009.

A. Adak, S. C. Murray, and S. L. Anderson. Temporal phenomic predictions from

unoccupied aerial systems can outperform genomic predictions. BioRxiv, 2021.

Agriculture and Agri-Food Canada. Discussion document: Reducing emissions arising

from the application of fertilizer in canada’s agriculture sector. ht tp s: // ag ri

cu lt ur e. ca na da .c a/ en /a bo ut -o ur -d ep ar tm en t/ tr an sp ar en cy -a

nd -c or po ra te -r ep or ti ng /p ub li c-o pi ni on -r es ea rc h-a nd -c on su

163

https://agriculture.canada.ca/en/about-our-department/transparency-and-corporate-reporting/public-opinion-research-and-consultations/share-ideas-fertilizer-emissions-reduction-target/discussion-document-reducing-emissions-arising-application-fertilizer-canadas-agriculture-sector
https://agriculture.canada.ca/en/about-our-department/transparency-and-corporate-reporting/public-opinion-research-and-consultations/share-ideas-fertilizer-emissions-reduction-target/discussion-document-reducing-emissions-arising-application-fertilizer-canadas-agriculture-sector
https://agriculture.canada.ca/en/about-our-department/transparency-and-corporate-reporting/public-opinion-research-and-consultations/share-ideas-fertilizer-emissions-reduction-target/discussion-document-reducing-emissions-arising-application-fertilizer-canadas-agriculture-sector
https://agriculture.canada.ca/en/about-our-department/transparency-and-corporate-reporting/public-opinion-research-and-consultations/share-ideas-fertilizer-emissions-reduction-target/discussion-document-reducing-emissions-arising-application-fertilizer-canadas-agriculture-sector


Bibliography 164

lt at io ns /s ha re -i de as -f er ti li ze r-e mi ss io ns -r ed uc ti on -t ar ge

t/ di sc us si on -d oc um en t-r ed uc in g-e mi ss io ns -a ri si ng -a pp li ca

ti on -f er ti li ze r-c an ad as -a gr ic ul tu re -s ec to r , accessed 2022-11-20,

2022.

A. Al-Maskari, M. Sanderson, and P. Clough. The relationship between ir effectiveness

measures and user satisfaction. In Proceedings of the 30th annual international

ACM SIGIR conference on Research and development in information retrieval,

pages 773–774. ACM, 2007.

M. Ali, Y. Zhang, A. Rasheed, J. Wang, and L. Zhang. Genomic prediction for

grain yield and yield-related traits in chinese winter wheat. International journal

of molecular sciences, 21(4):1342, 2020.

W. Anderson, C. Taylor, S. McDermid, E. Ilboudo-Nébié, R. Seager, W. Schlenker,

F. Cottier, A. de Sherbinin, D. Mendeloff, and K. Markey. Violent conflict exacer-

bated drought-related food insecurity between 2009 and 2019 in sub-saharan africa.

Nature Food, 2(8):603–615, 2021.

C. Anilkumar, N. Sunitha, N. B. Devate, S. Ramesh, et al. Advances in integrated

genomic selection for rapid genetic gain in crop improvement: a review. Planta,

256(5):1–20, 2022.

J. Archambeau, M. Benito Garzón, F. Barraquand, M. de Miguel, C. Plomion, and
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for genomic and near infrared predictions in multi-environment breeding trials. G3:

Genes, Genomes, Genetics, pages g3–400493, 2019.



Bibliography 170

M. F. Danilevicz, M. Gill, R. Anderson, J. Batley, M. Bennamoun, P. E. Bayer,

and D. Edwards. Plant genotype to phenotype prediction using machine learning.

Frontiers in Genetics, 13, 2022.

G. de Los Campos, D. Gianola, G. J. Rosa, K. A. Weigel, and J. Crossa. Semi-

parametric genomic-enabled prediction of genetic values using reproducing kernel

hilbert spaces methods. Genetics Research, 92(4):295–308, 2010.

J. C. Dekkers and F. Hospital. Multifactorial genetics: The use of molecular genetics

in the improvement of agricultural populations. Nature Reviews Genetics, 3(1):22,

2002.

J. Devlin, M.-W. Chang, K. Lee, and K. Toutanova. Bert: Pre-training of

deep bidirectional transformers for language understanding. arXiv preprint

arXiv:1810.04805, 2018.

A. Dey. Machine learning algorithms: a review. International Journal of Computer

Science and Information Technologies, 7(3):1174–1179, 2016.

T. G. Dietterich et al. Ensemble learning. The handbook of brain theory and neural

networks, 2:110–125, 2002.

H. Dong, R. Wang, Y. Yuan, J. Anderson, M. Pumphrey, Z. Zhang, and J. Chen.

Evaluation of the potential for genomic selection to improve spring wheat resistance

to fusarium head blight in the pacific northwest. Frontiers in plant science, 9:911,

2018.

S. Dong, P. Wang, and K. Abbas. A survey on deep learning and its applications.



Bibliography 171

Computer Science Review, 40:100379, 2021. ISSN 1574-0137. doi: https://doi.or

g/10.1016/j.cosrev.2021.100379. URL https://www.sciencedirect.com/scienc

e/article/pii/S1574013721000198.

G. Doquire and M. Verleysen. Mutual information-based feature selection for multi-

label classification. Neurocomputing, 122:148–155, 2013.

A. Dosovitskiy, L. Beyer, A. Kolesnikov, D. Weissenborn, X. Zhai, T. Unterthiner,

M. Dehghani, M. Minderer, G. Heigold, S. Gelly, et al. An image is worth

16x16 words: Transformers for image recognition at scale. arXiv preprint

arXiv:2010.11929, 2020.

H. Drucker, C. J. Burges, L. Kaufman, A. J. Smola, and V. Vapnik. Support vector

regression machines. In Advances in neural information processing systems, pages

155–161, 1997.

S. R. Dubey, S. K. Singh, and B. B. Chaudhuri. Activation functions in deep learning:

A comprehensive survey and benchmark. Neurocomputing, 2022.

R. Edgar, M. Domrachev, and A. E. Lash. Gene expression omnibus: Ncbi gene

expression and hybridization array data repository. Nucleic acids research, 30(1):

207–210, 2002.

F. Emmert-Streib, Z. Yang, H. Feng, S. Tripathi, and M. Dehmer. An introductory

review of deep learning for prediction models with big data. front. Artif. Intell, 3

(4), 2020.

https://www.sciencedirect.com/science/article/pii/S1574013721000198
https://www.sciencedirect.com/science/article/pii/S1574013721000198


Bibliography 172

J. B. Endelman. Ridge regression and other kernels for genomic selection with r

package rrblup. The Plant Genome, 4(3):250–255, 2011.

S. Esposito, D. Carputo, T. Cardi, and P. Tripodi. Applications and trends of machine

learning in genomics and phenomics for next-generation breeding. Plants, 9(1):34,

2019.
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S. Shrestha, P. Pérez-Rodŕıguez, J. Crossa, and D. Jarqúın. Joint use of genome,

pedigree and their interaction with environment for predicting the performance of

wheat lines in new environments. G3: Genes, Genomes, Genetics, pages g3–400508,

2019.

Y. Huang, M. Haas, S. Heinen, B. J. Steffenson, K. P. Smith, and G. J. Muehlbauer.

Qtl mapping of fusarium head blight and correlated agromorphological traits in an

elite barley cultivar rasmusson. Frontiers in plant science, 9:1260, 2018.

M. R. Islam, D. Fujita, S. Watanabe, and S.-H. Zheng. Variation in photosensitivity

of flowering in the world soybean mini-core collections (gmwmc). Plant Production

Science, 22(2):220–226, 2019.

http://www.g3journal.org/content/2/9/1085


Bibliography 177

M. S. Izydorczyk and M. Edney. Chapter 9 - barley: Grain-quality character-

istics and management of quality requirements. In C. Wrigley, I. Batey, and

D. Miskelly, editors, Cereal Grains (Second Edition), Woodhead Publishing Se-

ries in Food Science, Technology and Nutrition, pages 195–234. Woodhead Pub-

lishing, second edition edition, 2017. ISBN 978-0-08-100719-8. doi: https:

//doi.org/10.1016/B978-0-08-100719-8.00009-7. URL https://www.scienc

edirect.com/science/article/pii/B9780081007198000097.

J.-L. Jannink, A. J. Lorenz, and H. Iwata. Genomic selection in plant breeding: from

theory to practice. Briefings in functional genomics, 9(2):166–177, 2010.
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O. A. Montesinos-López, J. Mart́ın-Vallejo, J. Crossa, D. Gianola, C. M. Hernández-
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K. Gardner, M. Lillemo, R. Fritsche-Neto, and J. Crossa. Partial Least Squares

Enhances Genomic Prediction of New Environments. Frontiers in Genetics, 13,

2022. ISSN 1664-8021. URL https://www.frontiersin.org/articles/10.3389

/fgene.2022.920689.

D. C. Montgomery, E. A. Peck, and G. G. Vining. Introduction to linear regression

analysis. John Wiley & Sons, 2021.

C. E. Moore, K. Meacham-Hensold, P. Lemonnier, R. A. Slattery, C. Benjamin, C. J.

Bernacchi, T. Lawson, and A. P. Cavanagh. The effect of increasing temperature

on crop photosynthesis: from enzymes to ecosystems. Journal of Experimental

Botany, 72(8):2822–2844, 2021.

https://www.frontiersin.org/articles/10.3389/fgene.2022.920689
https://www.frontiersin.org/articles/10.3389/fgene.2022.920689


Bibliography 187

R. Moradi, R. Berangi, and B. Minaei. A survey of regularization strategies for deep

models. Artificial Intelligence Review, 53(6):3947–3986, 2020.

J. Moreno-Amores, S. Michel, T. Miedaner, C. F. H. Longin, and H. Buerstmayr.

Genomic predictions for fusarium head blight resistance in a diverse durum wheat

panel: An effective incorporation of plant height and heading date as covariates.

Euphytica, 216(2):1–19, 2020.

M. A. Nawaz and G. Chung. Genetic improvement of cereals and grain legumes.

Genes, 11(11), 2020. ISSN 2073-4425. doi: 10.3390/genes11111255. URL https:

//www.mdpi.com/2073-4425/11/11/1255.

H. Oakey, B. Cullis, R. Thompson, J. Comadran, C. Halpin, and R. Waugh. Genomic

selection in multi-environment crop trials. G3: Genes, Genomes, Genetics, 6(5):

1313–1326, 2016. doi: 10.1534/g3.116.027524. URL http://www.g3journal.org/

content/6/5/1313.

J. O. Ogutu, H.-P. Piepho, and T. Schulz-Streeck. A comparison of random forests,

boosting and support vector machines for genomic selection. BMC Proceedings, 5

(3):S11, May 2011a. ISSN 1753-6561. doi: 10.1186/1753-6561-5-S3-S11. URL

https://doi.org/10.1186/1753-6561-5-S3-S11.

J. O. Ogutu, H.-P. Piepho, and T. Schulz-Streeck. A comparison of random forests,

boosting and support vector machines for genomic selection. In BMC proceedings,

volume 5, page S11, 2011b.

O. A. Otekunrin, O. A. Otekunrin, S. Momoh, and I. A. Ayinde. How far has africa

https://www.mdpi.com/2073-4425/11/11/1255
https://www.mdpi.com/2073-4425/11/11/1255
http://www.g3journal.org/content/6/5/1313
http://www.g3journal.org/content/6/5/1313
https://doi.org/10.1186/1753-6561-5-S3-S11


Bibliography 188

gone in achieving the zero hunger target? evidence from nigeria. Global Food

Security, 22:1–12, 2019.

O. A. Otekunrin, O. A. Otekunrin, B. Sawicka, and I. A. Ayinde. Three decades of

fighting against hunger in africa: Progress, challenges and opportunities. World

Nutrition, 11(3):86–111, 2020.

A. Paszke, S. Gross, S. Chintala, G. Chanan, E. Yang, Z. DeVito, Z. Lin, A. Des-

maison, L. Antiga, and A. Lerer. Automatic differentiation in PyTorch. In NIPS

Autodiff Workshop, 2017.

F. Pedregosa, G. Varoquaux, A. Gramfort, V. Michel, B. Thirion, O. Grisel, M. Blon-

del, P. Prettenhofer, R. Weiss, V. Dubourg, J. Vanderplas, A. Passos, D. Courna-

peau, M. Brucher, M. Perrot, and E. Duchesnay. Scikit-learn: Machine learning in

Python. Journal of Machine Learning Research, 12:2825–2830, 2011.
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M. Pérez-Enciso and L. M. Zingaretti. A guide on deep learning for complex trait

genomic prediction. Genes, 10(7), 2019. ISSN 2073-4425. doi: 10.3390/genes100

70553. URL https://www.mdpi.com/2073-4425/10/7/553.

https://hdl.handle.net/11529/10695
https://www.mdpi.com/2073-4425/10/7/553


Bibliography 190

X. Qing and Y. Niu. Hourly day-ahead solar irradiance prediction using weather

forecasts by lstm. Energy, 148:461–468, 2018.

J. R. Quinlan et al. Bagging, boosting, and c4. 5. In AAAI/IAAI, Vol. 1, pages

725–730, 1996.

H. Rachmatia, W. Kusuma, and L. Hasibuan. Prediction of maize phenotype based

on whole-genome single nucleotide polymorphisms using deep belief networks. In

Journal of Physics: Conference Series, volume 835, page 012003. IOP Publishing,

2017a.

H. Rachmatia, W. A. Kusuma, and L. S. Hasibuan. Prediction of maize phenotype

based on whole-genome single nucleotide polymorphisms using deep belief networks.

Journal of Physics: Conference Series, 835:012003, May 2017b. doi: 10.1088/1742

-6596/835/1/012003.

C. Raffel, N. Shazeer, A. Roberts, K. Lee, S. Narang, M. Matena, Y. Zhou, W. Li,

and P. J. Liu. Exploring the limits of transfer learning with a unified text-to-text

transformer. arXiv preprint arXiv:1910.10683, 2019.

C. Raffel, N. Shazeer, A. Roberts, K. Lee, S. Narang, M. Matena, Y. Zhou, W. Li,

P. J. Liu, et al. Exploring the limits of transfer learning with a unified text-to-text

transformer. J. Mach. Learn. Res., 21(140):1–67, 2020.

H. Rahman, R. A. Bennett, and B. Kebede. Molecular mapping of qtl alleles of

brassica oleracea affecting days to flowering and photosensitivity in spring brassica

napus. PLoS One, 13(1):e0189723, 2018.



Bibliography 191

J. Ranstam and J. Cook. Lasso regression. Journal of British Surgery, 105(10):

1348–1348, 2018.

P. Refaeilzadeh, L. Tang, and H. Liu. Cross-validation. Encyclopedia of database

systems, 5:532–538, 2009.

S. Rezayi, Z. Liu, Z. Wu, C. Dhakal, B. Ge, C. Zhen, T. Liu, and S. Li. Agrib-

ert: Knowledge-infused agricultural language models for matching food and nu-

trition. In L. D. Raedt, editor, Proceedings of the Thirty-First International

Joint Conference on Artificial Intelligence, IJCAI-22, pages 5150–5156. Inter-

national Joint Conferences on Artificial Intelligence Organization, 7 2022. doi:

10.24963/ijcai.2022/715. URL https://doi.org/10.24963/ijcai.2022/715. AI

for Good.

R. Rincent, E. Kuhn, H. Monod, F.-X. Oury, M. Rousset, V. Allard, and J. Le Gouis.

Optimization of multi-environment trials for genomic selection based on crop mod-

els. Theoretical and Applied Genetics, 130(8):1735–1752, 2017.

M. Roorkiwal, D. Jarquin, M. K. Singh, P. M. Gaur, C. Bharadwaj, A. Rathore,

R. Howard, S. Srinivasan, A. Jain, V. Garg, et al. Genomic-enabled prediction

models using multi-environment trials to estimate the effect of genotype× environ-

ment interaction on prediction accuracy in chickpea. Scientific reports, 8(1):11701,

2018.

B. C. Ross. Mutual information between discrete and continuous data sets. PloS one,

9(2):e87357, 2014.

https://doi.org/10.24963/ijcai.2022/715


Bibliography 192

J. Rudd, R. Horsley, A. McKendry, and E. Elias. Host plant resistance genes for

fusarium head blight: sources, mechanisms, and utility in conventional breeding

systems. Crop Science, 41(3):620–627, 2001.

S. Ruder. An overview of gradient descent optimization algorithms. arXiv preprint

arXiv:1609.04747, 2016.

D. Runcie and H. Cheng. Pitfalls and remedies for cross validation with multi-trait

genomic prediction methods. G3: Genes, Genomes, Genetics, 9(11):3727–3741,

2019.

J. Rutkoski, J. Benson, Y. Jia, G. Brown-Guedira, J.-L. Jannink, and M. Sorrells.

Evaluation of genomic prediction methods for fusarium head blight resistance in

wheat. The Plant Genome, 5(2), 2012.
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