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Identification of Stress-responsive Genes in Differential

Co-expression Networks

Abstract

Understanding how organisms respond to environmental stress is crucial in the field of biology.

Stress-responsive genes play a pivotal role in this adaptation and their identification is a signifi-

cant challenge. Traditional approaches to find these genes has limitations in capturing the complex

genetic interactions governing stress responses. This thesis introduces the Control-Stress Data

Integration with Overlapping Clustering (CSI-OC) Workflow. The proposed approach combines

statistical and network-based methods to identify stress-responsive genes. It uses gene expres-

sion change metrics and constructs differential co-expression networks to analyze gene interac-

tions. Its most distinctive feature is the ability to detect overlapping gene modules and select those

related to phenotypic traits. The workflow is applied in rice and sugarcane, two important crops in

agriculture, unveiling key genes related to stress response. These overlapping modules prove vi-

tal in understanding co-expression networks and stress response. Experimentation with synthetic

data validates the workflow’s reliability. Ultimately, this disertation enriches the field of biology by

providing a robust analytical tool for identifying stress-responsive genes. The detection of overlap-

ping modules makes a notable progression, mirroring the intricate dynamics of gene interactions.

Moreover, the potential applications of this workflow extend beyond biology, encompassing ar-

eas like economy and social sciences, where understanding interactions is key to comprehending

systemic phenomena.
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Identificación de Genes que Responden al Estrés en Redes de

Co-expresión Diferencial

Resumen

Comprender cómo los organismos responden al estrés ambiental es crucial en el campo de

la biología. Los genes que responden al estrés desempeñan un papel fundamental en esta

adaptación y su identificación es un desafío significativo. Los enfoques tradicionales para en-

contrar estos genes tienen limitaciones para capturar las complejas interacciones genéticas que

gobiernan las respuestas al estrés. Esta tesis introduce el flujo de trabajo de Integración de Datos

de Control-Estrés con Agrupación Superpuesta (CSI-OC por sus siglas en inglés). La aproxi-

mación propuesta combina métodos estadísticos y basados en redes para identificar genes que

responden al estrés. Utiliza métricas de cambio en la expresión génica y construye redes de co-

expresión diferencial para analizar las interacciones génicas. Su característica más distintiva es la

capacidad de detectar módulos de genes superpuestos y seleccionar aquellos relacionados con

rasgos fenotípicos. El flujo de trabajo se aplica en arroz y caña de azúcar, dos cultivos importantes

en la agricultura, revelando genes clave relacionados con la respuesta a estrés. Estos módulos

superpuestos resultan vitales para comprender las redes de co-expresión y la respuesta al estrés.

La experimentación con datos sintéticos valida la fiabilidad del flujo de trabajo. En última instan-

cia, esta disertación enriquece el campo de la biología al proporcionar una herramienta analítica

sólida para identificar genes que responden al estrés. La detección de módulos superpuestos

representa un progreso notable, reflejando la intrincada dinámica de las interacciones génicas.

Además, las aplicaciones potenciales de este flujo de trabajo se extienden más allá de la biología

y abarcan áreas como la economía y las ciencias sociales, donde entender las interacciones es

clave para comprender los fenómenos sistémicos.
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1. Introduction

In the intricate realm of plant biology, deciphering the molecular mechanisms that underlie re-

sponses to environmental stressors stands as a formidable challenge. Stress-responsive genes

play a pivotal role in orchestrating a plant’s ability to adapt and thrive under adverse conditions,

making them subjects of profound scientific interest. Stress-responsive genes are the molecular

architects of a plant’s resilience. They encode proteins that facilitate cellular, physiological, and

metabolic adjustments, ultimately determining a plant’s survival and productivity. Harnessing the

understanding of these genes offer a path toward crop improvement and agricultural sustainability.

1.1 Motivation and Problem

In this pursuit of stress tolerance, rice (Oryza sativa) and sugarcane (Saccharum spp. hybrid)

take the center stage. These two crops have emerged as primary subjects of interest due to their

relevance in addressing agricultural challenges. As the global population burgeons, and climate

change exacerbates, the cultivation of stress-resilient crops is no longer a mere aspiration, but an

imperative. Rice, serving as a dietary staple for billions, faces the onslaught of factors such as

salinity, which jeopardize its yield and, consequently, global food security (Zeng and Shannon,

2000; Chang et al., 2019; Taratima et al., 2022). Sugarcane, a source of renewable energy and

vital in the production of sugar and biofuels, confronts its own set of environmental challenges,

with drought as a potent adversary (Contiliani et al., 2022, 2023; Kaura et al., 2022; Li et al.,

2023; Shrestha et al., 2023; Verma et al., 2022b; Zahoor and Babar, 2023). The focus in rice

and sugarcane crops, particularly in Colombia, aligns with the objectives of the OMICAS program

(Jaramillo-Botero et al., 2022) that encompasses this research.

Building on this foundation, this research addresses the central challenge of comprehensively

and systematically identifying stress-responsive genes using an in-silico approach, with a par-

ticular application focus on rice and sugarcane. Despite significant advancements in genomics
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1. INTRODUCTION 1.1. MOTIVATION AND PROBLEM

and molecular biology, the problem of pinpointing these crucial genes persists. The conventional

method for identifying stress-responsive genes primarily relies on statistics, involving the identi-

fication of differentially expressed genes (DEGs). This approach hinges on detecting significant

changes in mean gene expression between control and stress conditions (Pan, 2002; Reiner et al.,

2003). However, this statistical approach has inherent limitations, as it may not fully capture the

intricate and many interactions between genes responsible for stress responses.

To address this limitation, network-based approaches have emerged as valuable tools for

capturing the complex relationships between genes within co-expression networks. These co-

expression networks consist of nodes representing genes and edges representing relationships

between gene expression patterns (Rao and Dixon, 2019). Gene relationships are often quanti-

fied using correlation metrics, with the Pearson correlation coefficient being a widely used method

(Pearson, 1920). Nevertheless, researchers continue to explore alternative metrics and approaches

for connecting nodes to enhance the inference of network topology (Reshef et al., 2011; Song

et al., 2012; Mateos et al., 2019).

In light of this, numerous algorithms have been developed for analyzing co-expression net-

works, with one of the most widely used being Weighted Gene Co-expression Network Analysis

(WGCNA) (Langfelder and Horvath, 2008). WGCNA has gained popularity in bioinformatics and

biomedical research, allowing for the construction of gene co-expression networks and the iden-

tification of co-expressed genes. Its applications extend to disease biomarker discovery, gene

function prediction, protein-protein interaction inference, and genetic variant detection in cancer

research (Sundarrajan and Arumugam, 2016; Yuan et al., 2018; Li et al., 2017; Kanonidis et al.,

2016; Hou et al., 2021). When comparing control and stress conditions, including in WGCNA and

similar network-based approaches, two common methods are employed. One stacks the control

and stress data to create a unified dataset, preserving the unique characteristics of each condition,

but potentially increasing computational demands, particularly with substantial datasets. Alterna-

tively, researchers can conduct the analysis separately for control and stress data, followed by

the combination of control and stress networks through a statistical method to create a differential

co-expression network (Choi et al., 2005; Fukushima, 2013; Yang et al., 2013; Liu, 2018). This

second method offers a more detailed understanding of the differences in gene behavior between

the two conditions. However, it requires running the co-expression network analysis twice, once

for each condition.

Furthermore, a crucial aspect of co-expression network analysis is the identification of co-
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1.1. MOTIVATION AND PROBLEM 1. INTRODUCTION

expressed genes organized into groups, known as modules. Genes within the same module often

share the same transcriptional regulatory pathways, are functionally related, or are members of

the same pathway or metabolic complex (Fionda, 2019). While various algorithms for detecting

modules in co-expression networks have been developed and assessed (Saelens et al., 2018),

many of these methods tend to focus on identifying disjoint (non-overlapping) modules. Never-

theless, addressing the issue of overlapping modules is essential due to the increasing evidence

supporting the highly combinatorial nature of gene regulation, where gene products participate in

multiple pathways, exhibit multiple biological functions, and belong to several protein complexes

simultaneously (Oeckinghaus et al., 2011; van de Peppel and Holstege, 2005; Gavin et al., 2002).

The flexibility to accommodate these overlapping modules is critical for a more accurate represen-

tation of network structures and functions.

Another primary objective in co-expression analyses is the identification of biologically or clin-

ically relevant modules (Langfelder and Horvath, 2008). This process involves condensing the

node profiles within a specific module into a representative entity known as the eigengene. The

eigengene, typically corresponding to the hub gene or the first principal component of the gene

profiles, is crucial for assessing the relevance of its module. Module relevance is determined by

its impact on sample traits, such as phenotypic traits in the context of plants. Simple linear regres-

sion models (James et al., 2023) are the traditional choice for measuring the relationship between

eigengenes and traits. They determine the module’s impact on the trait. However, there is an

opportunity for further enhancement using advanced regression techniques (James et al., 2021)

to improve the precision and robustness of the intricate relationships between modules and traits.

In current approaches, non-overlapping module detection often requires large module sizes to

prevent an overwhelming number of modules from being detected. Consequently, when selecting

the relevant modules, the total number of genes associated with these modules remains signifi-

cantly high. To streamline the focus onto pertinent genes, specific genes exhibiting exceptional

topological characteristics within each module, such as hub nodes (Vandereyken et al., 2018), are

typically chosen. However, it’s worth noting that a prior study has demonstrated that co-expression

network analyses featuring a greater number of modules and smaller module sizes tend to exhibit

higher biological coherence (Abbassi-Daloii et al., 2020). This observation hints at an opportunity

for refining current methodologies and potentially optimizing the detection of relevant genes.

Lastly, it is important to highlight that differential co-expression networks are not limited to bio-

logical contexts and can be applied to various non-biological domains where coordinated interac-
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1. INTRODUCTION 1.2. APPROACH

tions between entities under specific conditions are of interest. Furthermore, modules that overlap

can provide a more realistic representation of the substructures not only in biological networks, but

also in many other networks. Forcing a node into one community will fail to accommodate multiple

relationships and functions that a node may have, resulting in an erroneous representation of the

network structure Jin et al. (2015). Likewise, selecting relevant modules concerning external sam-

ple traits in non-biological domains aids in interpreting the functional relevance of those modules

and their contribution to the system’s behavior.

1.2 Approach

To address the knowledge gaps and harness opportunities for refinement, this research’s central

objective is the creation of an in-silico workflow for identifying stress-responsive genes. This work-

flow, named Control-Stress Data Integration with Overlapping Clustering (CSI-OC), seeks to more

accurately capture the system’s true characteristics.

The CSI-OC workflow takes a comprehensive approach, blending statistical and network-

based methods to pinpoint stress-responsive genes. It utilizes the Log Fold Change (LFC) metric

for merging control and stress expression data through one-to-one comparisons. This process

explicitly captures information related to differential expression before constructing networks, re-

sulting in a more focused dataset, eliminating the need for a separate network analysis. Further-

more, it explores an alternative to the traditional Pearson-based network construction method,

namely the Lasso-based network construction. This approach is especially valuable when han-

dling datasets with numerous genes and relatively few samples, as it yields network structures

that accentuate the most crucial gene connections, rendering gene interactions more transparent

and interpretable.

Additionally, CSI-OC places substantial emphasis on comprehending gene interactions within

overlapping modules and their impact on phenotypic traits. Leveraging Lasso regression (Tib-

shirani, 1996) as a selection method, the workflow aims to identify modules that exert significant

influence on phenotypic traits. Since these modules can overlap, the genes they encompass offer

noteworthy insights into the complex interplay among genes in stress responses. Consequently,

the need for a predetermined minimum module size can be discarded, regardless of the number of

modules detected. Thus, the modules identified as relevant through Lasso are likely to be smaller

in size and can be considered in their entirety, removing the necessity to restrict the selection of

13



1.3. SUMMARY OF CHAPTERS AND CONTRIBUTIONS 1. INTRODUCTION

relevant genes solely to hub nodes. This approach ensures that relevant genes are chosen based

on their collective contributions to the dynamics of stress response, focusing on the genes whose

interactions intricately shape the response to stress.

To ensure the systematic and comprehensive design and validation of the proposed workflow,

a set of four specific objectives has been established. While these objectives may differ in wording

and order from those originally presented in the candidacy proposal, they effectively encompass

the original goals. The new objectives not only maintain the essence of the original ones, but also

provide greater specificity and refinement.

i. To introduce and elucidate the CSI-OC workflow as a tool for the identification of stress-

responsive genes.

ii. To apply the CSI-OC workflow to rice and sugarcane under specific stress conditions, namely

salinity and drought.

iii. To assess the workflow’s performance through the use of synthetic data, shedding light on

its limitations and strengths.

iv. To explore the adaptability of the CSI-OC workflow beyond biological contexts through its

application in a non-biological domain.

By achieving these objectives, this research aims to enhance the understanding of stress-

responsive genes in plants, particularly in rice and sugarcane, refine the workflow’s capabilities,

and demonstrate its versatility.

1.3 Summary of Chapters and Contributions

This dissertation contributes to several ongoing research efforts in multiple areas, including ge-

nomics, plant biology, computational biology, network analysis, and data integration.

Chapter 3: In this chapter, the CSI-OC workflow is introduced and described in detail. The

workflow integrates diverse data sources, captures differential expression information and enables

the identification of key gene modules. This workflow serves as the centerpiece of the dissertation

and offers insights into its development and functioning. It is implemented in Python, has been

registered as software with the Dirección Nacional de Derechos de Autor (DNDA) (DNDA, 2023),

and is available at (Riccio-Rengifo et al., 2021a).

14



1. INTRODUCTION 1.3. SUMMARY OF CHAPTERS AND CONTRIBUTIONS

Chapter 4: This chapter showcases a practical application of the CSI-OC workflow, utilizing the

Pearson-based network construction method. This application is executed on publicly accessible

rice data under salt stress. The findings from this case study underscore the workflow’s effective-

ness in identifying stress-responsive genes in a specific biological context. Furthermore, this main

findings has been published in (Riccio-Rengifo et al., 2021b).

Chapter 5: This section delves into the application of the CSI-OC workflow using the Lasso-

based network construction method. It conducts a comprehensive analysis on sugarcane data

provided by Cenicaña, systematically assessing gene responses across diverse plant tissues and

increasing levels of drought stress. The case study provides additional evidence of the workflow’s

utility in a different biological context. The findings are presented in (Riccio-Rengifo et al., 2023b).

Chapter 6: This chapter presents a comprehensive framework for testing and validating the

CSI-OC workflow using synthetic data to shed light on its capabilities and limitations under con-

trolled conditions. It highlights the the pivotal role of phenotypic data characteristics in influencing

the workflow’s performance. Moreover, the chapter introduces the method named CoSynthEx, de-

signed to generate synthetic gene expression data that incorporates information about phenotypic

traits and sample conditions. CoSynthEx has been registered as software with the DNDA and is

available at (Riccio-Rengifo et al., 2023a).

Chapter 7: This chapter showcases the adaptability of the CSI-OC workflow by extending its

application into a non-biological context, specifically within the setting of a supermarket chain. This

explorative application illustrates how the workflow can be adapted beyond traditional biological

applications, highlighting its broad range of potential uses.

Chapter 8: This final chapter summarizes the key findings, contributions, and implications of

the research. It provides a comprehensive overview of the work and suggests directions for future

research.
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2. Preliminaries

This chapter establishes the fundamental background on which the following sections of this docu-

ment are built. In Section 2.1, it starts with a comprehensive exploration of mathematical concepts,

structures and algorithmic techniques, which collectively will form the core of a workflow designed

for the identification of stress-responsive genes in plants. Section 2.2 follows, providing a descrip-

tion of the methodologies that will be employed to assess the significance and meaningfulness of

the genes selected by the workflow. Finally, in Section 2.3, we delve into the theoretical founda-

tions of the conditional Generative Adversarial Network (cGAN) model, which would serve as basis

for the generation of synthetic data, allowing to systematically evaluate the workflow to explore its

limitations.

2.1 Mathematical Foundations of the Workflow

2.1.1 Log Fold Change (LFC)

The Log Fold Change (LFC) is a measure commonly used in statistics and bioinformatics to quan-

tify the relative difference in values between two conditions or groups. It is typically applied to

gene expression data or any other dataset where you want to compare the magnitude of change

between two sets of measurements.

The Log Fold Change for a particular value or observation is calculated as the logarithm (usu-

ally base 2) of the ratio between the values in the two conditions. The formula is as follows:

LFC = log2(ConditionA/ConditionB) (2.1)

where Condition A (Condition B) is the measurement or value in the sample under condition A

(condition B).

The Log Fold Change provides a concise representation of how much a particular measure-
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ment has changed between two conditions. A positive LFC indicates an increase in the mea-

surement in Condition A compared to Condition B, while a negative LFC indicates a decrease.

A LFC of 0 means there is no difference between the two conditions. The logarithm to base 2 is

most commonly used (Oeckinghaus et al., 2011) as it is easy to interpret, e.g., a doubling in the

Condition A scaling is equal to a LFC of 1, a quadrupling is equal to a LFC of 2 and so on.

Researchers often use Log Fold Change in differential expression analysis to identify genes,

proteins, or other biomolecules that show significant changes in expression or abundance between

experimental conditions. It simplifies interpretation by expressing changes on a logarithmic scale,

which is particularly useful when dealing with data that spans a wide range of values.

2.1.2 Differential co-expression network (DCN)

A differential co-expression network (DCN) is an undirected graph G = (V,E), where the set of N

nodes V = {v1, v2, . . . , vN} represents genes and a link (vi, vj) ∈ E indicates a common alteration

in the expression pattern of genes vi and vj when changing between two particular conditions

(e.g., control and stress).

Differential co-expression networks represent a specialized aspect of co-expression analy-

sis that focuses on changes in gene relationships across different conditions or states. While

traditional co-expression networks reveal consistent associations between genes, differential co-

expression networks detect alterations in these associations when transitioning between experi-

mental conditions, tissues, or disease states. This approach allows researchers to identify condition-

specific or context-specific gene interactions, providing insights into regulatory mechanisms that

are active only under specific circumstances. Differential co-expression networks are instrumental

in understanding how gene relationships adapt to different biological contexts, shedding light on

the dynamic nature of gene regulation and its relevance to various biological phenomena.

2.1.3 Hierarchical Link Clustering (HLC)

The Hierarchical Link Clustering (HLC) algorithm partitions groups of links (rather than nodes),

where each node inherits all memberships of its links and can belong to multiple, overlapping

modules Ahn et al. (2010).

More specifically, HLC evaluates the similarity between links if they share a particular node.

Consider a pair of incident links eik and ejk to node k. The similarity between eik and ejk is defined
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by the Jaccard index as

S(eik, ejk) =
| η(i) ∩ η(j) |
| η(i) ∪ η(j) |

, (2.2)

where η(v) denotes the set containing the node v and its neighbors, for any v ∈ V . The algorithm

uses single-linkage hierarchical clustering to build a dendrogram where each leaf is a link from the

network and branches represent linked communities.

The threshold to cut the dendrogram is defined based on the average density of links inside

communities (i.e., partition density). For G = (V,E) and a partition of the links into c subsets, the

partition density is computed as

D =
2

|E|
∑
c

|Ec|
|Ec| − |Vc|+ 1

(|Vc| − 1)(|Vc| − 2)
. (2.3)

Note that, in most cases, the partition density D has a single global maximum along the dendro-

gram. If the dendrogram is cut at the top, then D represents the average link density of a single

giant module. If the dendrogram is cut at the bottom, then most modules consist of a single link.

By computing D at each level of the dendrogram, the level that maximizes partition density can be

found (nonetheless, meaningful structure could exist above or below the threshold).

2.1.4 Least Absolute Shrinkage Selector Operator (Lasso)

Lasso Tibshirani (1996) is a regularized linear regression technique. By combining aregression

model with a procedure of contraction of some parameters towards 0, Lasso imposes a restriction

(or a penalty) on regression coefficients. In other words, Lasso solves the least squares problem

with restriction on the ℓ1-norm of the coefficient vector. In particular, the approach is especially

useful in scenarios where the number of variables c is much greater than the number of samples

m (i.e., c ≫ m).

Consider a dataset of m samples, consisting each of c covariates and a single outcome. Let yi

be the outcome and xi := (xi1, ..., xic) be the covariate vector for the i-th sample. The objective of

Lasso is to solve

min


m∑
i=1

yi −
c∑

j=1

αjxij

2 , subject to
c∑

j=1

|αj | ≤ s, (2.4)

where s is the regularization penalty. Equivalently, in the Lagrangian form, Lasso minimizes

m∑
i=1

yi −
c∑

j=1

αjxij

2

+ λ
c∑

j=1

|αj | , (2.5)
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where λ ≥ 0 is the corresponding Lagrange multiplier. Since the value of the regularization param-

eter λ determines the degree of penalty and the accuracy of the model, cross-validation is used

to select the regularization parameter that minimizes the mean-squared error. Lasso is preferred

in the proposed workflow because it tends to outperform other methods such as ordinary least

squares regression and Ridge Muthukrishnan and Rohini (2016).

2.2 Workflow Evaluation Approaches

2.2.1 Computational validation

Computational validation of a group of elements selected by a computational workflow is impera-

tive, particularly when accessing additional supporting information is challenging. In the absence

of a gold standard for comparison, randomly selected elements serve as a baseline.

Specifically, our focus lies in evaluating the significance of a group of genes selected for their

relevance to stress responses based on their interactions and influence on plant phenotypic traits.

To account for the genes’ varying behavior between control and stress conditions, we subjected

them to a classification task. The expression profiles of these selected genes serve as inputs for

a Random Forest classification model (Biau and Scornet, 2016), tasked with classifying samples

as either control or stress based solely on the gene expression profiles. This classification is

performed a total of one hundred times, and each time, the performance of the selected genes in

terms of accuracy is computed. The same classification procedure is repeated using a random set

of network genes, having the same number of genes as in the selected set. This approach allows

us to assess the selected genes’ ability to discriminate between control and stress samples.

Furthermore, considering that the selected genes are expected to influence plant phenotypic

traits, we evaluate them through a regression task. The process mirrors the classification evalu-

ation, with the expression profiles of the selected genes utilized as input features for a Random

Forest Regressor (Biau and Scornet, 2016). In this case, the response variable is a phenotypic

trait. The model’s performance is assessed in terms of the mean squared error (MSE) and com-

pared against the MSE of a model created with a random set of genes. This approach enables us

to assess the selected genes’ capacity to predict phenotypic traits.

In both scenarios, we employ a Wilcoxon signed-rank test (Woolson, 2007) to determine

whether the performance of the selected genes surpasses that of randomly chosen genes. The

presence of a significant difference between the medians of the selected and random genes serves

19



2.2. WORKFLOW EVALUATION APPROACHES 2. PRELIMINARIES

as an indicator of the superior performance of the selected genes in comparison to the random

selection. For the classification task, this significant difference should be attributed to a higher

median accuracy among the selected genes, as higher accuracy corresponds to an enhanced

performance in classification models. In the regression task, the significant difference should be

attributed to a lower median MSE among the selected genes, given that a lower MSE aligns with

improved performance in regression models. Observing these patterns within the selected gene

set signifies the meaningfulness of the chosen genes and reaffirms the satisfactory functioning of

the gene selection tool.

2.2.2 Knowledge-based evaluation

Functional enrichment is a critical step in understanding the underlying processes contributing to

phenotype or stress responses. The evaluation of a specific gene set can be achieved through

Gene Ontology (GO) enrichment analysis (Ashburner et al., 2000; Consortium, 2021). In this

context, a special emphasis is placed on the GO category of biological processes (BP), as these

annotations are particularly straightforward to interpret within the scope of this study. For instance,

terms related to stress responses or defense mechanisms fall within this category.

Enrichment analysis leverages the power of statistical methodologies, primarily Fisher’s Ex-

act Test (Sprent, 2011), in combination with a robust False Discovery Rate (FDR) correction for

multiple testing (Korthauer et al., 2019; Benjamini and Hochberg, 1995) and the methodology is

implemented using custom Python scripts. This approach effectively identifies GO terms that are

either over-represented or under-represented in a given gene set compared to the background

set’s annotations.

Furthermore, the evaluation of gene sets extends beyond GO enrichment to encompass the

significant representation of genes with specific characteristics, such as differential expression or

those acting as transcription factors. The presence of these gene types within the set of genes

under investigation is determined using a Fisher test. For instance, transcription factor genes can

be extracted from specialized databases like PlantTFDB (Jin et al., 2016). Differentially Expressed

Genes (DEGs) are identified based on DESeq2 results Love et al. (2014), using a predefined

threshold, often set at 1 or higher for a more stringent analysis. Within the DESeq2 results, DEGs

are further categorized into up-regulated genes (LFC > t, FDR < 0.05) and down-regulated genes

(LFC < −t, FDR < 0.05).

This comprehensive knowledge-based evaluation approach allows for a deeper understanding
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of the functional and regulatory aspects of different gene sets.

2.3 Mathematical Foundations of the Synthetic Data Generation

2.3.1 Generative Adversarial Network (GAN)

Conditional Generative Adversarial Networks (cGANs) are a class of deep generative models that

expand upon the conventional Generative Adversarial Network (GAN) framework (Creswell et al.,

2018; Aggarwal et al., 2021; Gui et al., 2021). The GAN consists of two neural networks: a

generator and a discriminator. Broadly speaking, the generator is responsible for generating new

data, while the discriminator is responsible for distinguishing between real and generated data.

The two networks are trained together in an adversarial manner. The generator is trying to fool

the discriminator into thinking that the generated data is real, while the discriminator is trying to

distinguish between real and generated data.

Formally, a GAN employs differentiable functions D and G to represent the discriminator and

generator, utilizing real data x and random variables z as their respective inputs. The generated

sample, denoted as G(z), adheres to the distribution pdata of real data. When the discriminator D

receives input from real data x, its objective is to correctly classify it as true and assign a label

of 1. Conversely, if the input originates from G(z), D should classify it as false and label it as 0.

The role of D is to accurately determine the data source, while the primary goal of G is to ensure

that the performance of generated data G(z) when assessed by D (i.e., D(G(z))) aligns with the

performance of real data x when evaluated by D (i.e., D(x)). Through adversarial optimization,

both D and G gradually enhance their performance. Ultimately, when D achieves a high level of

discriminatory ability but can no longer distinguish the data source accurately, it signifies that the

generator G has successfully captured the distribution of real data.

The training cost of a GAN is assessed using a cross-entropy function that relies on both

the generator and the discriminator. The optimization of GAN can be formulated as a minimax

problem:

min
G

max
D

Epdata(x)[logD(x)] + Epz(z)[log (1−D(G(z)))] (2.6)

where E represents the expectation, pz is the prior distribution of the input noise variable z, and

pdata is the distribution of the real data x.
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2.3.2 Conditional Generative Adversarial Network (cGAN)

GANs can be extended to a conditional model when both the discriminator and generator are

conditioned on additional information denoted as y. This extension is called conditional GAN

(cGAN) and its corresponding objective function is as follows:

min
G

max
D

Epdata(x)[logD(x|y)] + Epz(z)[log (1−D(G(z|y)))] (2.7)

The cGAN framework allows for the generation of data samples that are not only indistinguish-

able from real data but also coherent with the provided conditions. The cGAN training process

involves a game between the generator, striving to generate data indistinguishable from real data

under the specified conditions, and the discriminator, which aims to accurately classify real and

synthetic samples while considering the conditional information.

In the context of gene expression data analysis, cGANs can be used to generate synthetic gene

expression profiles that are consistent with certain conditions or biological contexts. The generator

network in the cGAN is designed to take both random noise and the conditional information as

input. By training the cGAN on real expression data, it learns to generate synthetic expression

profiles that match the specified conditions. This allows researchers to control and manipulate

gene expression patterns based on the provided conditions.
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3. The Control-Stress Data Integration with Over-

lapping Clustering (CSI-OC) Workflow

The workflow for identifying candidate stress-responsive genes, using gene expression and phe-

notypic traits measured under control and stress conditions, is described here. It is called Control-

Stress data Integration with Overlapping Clustering (CSI-OC). The approach relies on identifying

overlapping gene modules, within a differential co-expression network, that are highly related to

phenotypic traits. The general structure of the CSI-OC workflow is schematically illustrated in

Fig 3.1.
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Figure 3.1: CSI-OC workflow. It takes as input expression and phenotypic data, and outputs a set

of stress-responsive genes.

The workflow input correspond to gene expression (denoted as Ec for control and Es for stress)
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and phenotypic traits (denoted as Pc for control and Ps for stress) measured under control and

stress conditions. It can be broken down into four steps. The first step computes the changes, from

control to stress condition, with the Log Fold Change (LFC) metric for the expression data (denoted

as X) and phenotypic traits (denoted as Y ). The second step, corresponds to the differential co-

expression network (DCN) construction (denoted as A) from the LFC data. The third step identifies

the overlapping gene modules (denoted as F ) within the DCN. The fourth and final step pins down

the modules most highly related to the LFC in phenotypic traits using Lasso regression. The union

of the genes that belong to the selected modules (denoted as I) are those that are called candidate

stress-responsive genes. These four steps will be explained in detail in this chapter.

3.1 Data Pre-processing

The goal of the data pre-processing step is to build matrices X and Y representing, respectively,

the changes in expression levels and phenotypic values between control and stress condition.

Fig 3.2 shows the flow of data through the pre-processing pipeline.

A normalization process is applied to interpret RNA-seq data and handle possible biases af-

fecting the quantification of results. Here, DESeq2 (Love et al., 2014) is used to correct the library

size and RNA composition bias. To do so, the control Ec ∈ Nn0×mec
0 and stress Es ∈ Nn0×mes

0 data

are joined in the matrix D0 ∈ Nn0×(mec+mes)
0 before normalization. The normalized data is repre-

sented as a matrix D1 ∈ Rn0×(mec+mes). In each expression matrix (Ec and Es) the rows represent

the genes and the columns the samples. Note that the number of control samples mec may be

different from the number of stress samples mes, due to the replicates that the m genotypes may

have. The biological replicates of each genotype and the gene replicates are averaged and repre-

sented as a matrix D2 ∈ Rn1×2m. Note that the previous step keeps the same number of unique

genes, but reduces gene dimensionality to n0 ≤ n1 by removing duplicates. The genes exhibiting

low variance or low expression are removed from D2. Consequently, this stage reduces the set of

genes from a pool of size n1 to a restricted pool of size n2 ≤ n1. The control and stress data are

again separated into the matrices Ec ∈ Rn2×m and Es ∈ Rn2×m, respectively. The matrix entries

Ec(i, j) and Es(i, j) represent the normalized expression level of gene i in accession j under con-

trol and stress condition, respectively. The initial phenotypic data, under control (Pc ∈ Rmpc×p) and

stress (Ps ∈ Rmps×p), also go through the process of averaging replicates, obtaining the Pc and Ps

matrices of dimensions m× p.
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DESeq2
normalization

Average 
replicates

Remove genes with low 
variance and low expression

Separate control 
from stress 
expression

Remove genes with 
low variance

Join expression 
data

Log Fold 
Change

Data pre-processingRNA-seq data

Phenotypic data

Figure 3.2: CSI-OC data pre-processing. The red lines indicate the path of the phenotypic data

and the black lines indicate the path of the expression data.

In the above configuration, the changes in expression levels and phenotypic values between

control and stress conditions are measured in terms of logarithmic ratios with the LFC metric.

In the case of expression levels, the log ratios are represented in the Log Fold Change matrix

Eℓ ∈ Rn2×m, where Eℓ(i, j) = log2(Es(i, j)/Ec(i, j)). Similarly, the log ratios of the phenotypic

data are computed and represented in the Y ∈ Rm×p matrix.

The final stage of pre-processing is to filter Eℓ by removing rows (e.g., genes) with low variance

in the differential expression patterns, thus obtaining a new matrix X of dimensions n3 ×m, with

n3 ≤ n2.

3.2 Differential Co-expression Network (DCN) Construction

Differential co-expression networks are of biological interest because adjacent nodes in the net-

work represent genes that respond similarly to a so-called stress condition. A differential co-

expression network (DCN) is an undirected graph G = (V,E), where the set of N nodes V =
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{v1, v2, . . . , vN} represents genes and a link (vi, vj) ∈ E indicates a common alteration in the ex-

pression pattern of genes vi and vj when changing between two particular conditions (e.g., control

and stress).

Two approaches to construct differential co-expression networks are described here. The first

approach is based on Pearson correlation values, while the second approach is based on LASSO

regression coefficients. The choice of which approach to use depends on the specific dataset

and the goals of the study. The network construction process described below applies both to

differential co-expression networks and to co-expression networks, where the only difference is

the input data. Differential co-expression networks are built using differential expression profiles

(e.g., LFC) instead of the expression profiles themselves as in co-expression networks.

3.2.1 Pearson-based Co-expression Networks

The Log Fold Change matrix X is used as input to build a Pearson-based DCN Â as shown in

Figure 3.3.

Absolute Pearson 
correlation 

between genes

Force scale-free 
network

co-expression 
cutoff

Remove 
isolated nodes

Co-expression network construction

Figure 3.3: Pearson-based differential co-expression network construction.

First, the level of concordance between gene differential expression profiles across samples

is measured. To this end, the absolute value of the Pearson Correlation Coefficient (PCC) is

used as the similarity measure between genes, meaning that pairs of nodes with strong nega-

tive correlation are considered connected with the same strength as nodes with strong positive

correlation (Song et al., 2012). The resulting values are stored in the similarity matrix S ∈ Rn3×n3
+ .

Second, the matrix S is transformed into an adjacency matrix W ∈ Rn3×n3
+ where each entry

W (i, j) = S(i, j)β encodes the connection strength between each pair of genes. In other words,

the elements of the adjacency matrix are the similarity values up to the power β > 1 so that the
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degree distribution will fit a scale-free network. In a strict scale-free network, the logarithm of

P (k) (i.e., the probability of a node having degree k) is approximately inversely proportional to the

logarithm of k (i.e., the degree of a node). The parameter β is chosen to be the smallest value

for which the R2 of the linear regression between log10(p(k)) and log10(k) is closest to 1 (e.g.,

R2 > 0.8).

Third, the adjacency matrix W is transformed into an unweighted network A ∈ {0, 1}n3 × n3.

To this end, the PCC cutoff is determined using the approach described in (Aoki et al., 2007). The

number of nodes, edges, and the network density is determined for different PCC cutoffs. In a

neighborhood of the optimal PCC cutoff, the number of nodes presents a linear decrease and the

density of the network reaches its minimum, while below this value the number of edges rapidly

increases. Following this observation, a cutoff is selected such that gene pairs having a correlation

score higher than the threshold are considered to have a significant level of co-expression. The

entries of W become 1 above the cutoff and 0 otherwise.

Finally, isolated nodes are removed from the network A. These nodes do not have any edges

to other nodes, and they can introduce noise into the network. Therefore, the resulting matrix Â is

of dimensions n4 × n4 where n4 ≤ n3.

3.2.2 Lasso-based Co-expression Networks

This subsection explains how building differential co-expression networks using Lasso regression

coefficients. Figure 3.4 shows a step-by-step diagram of this approach.

Lasso regression 
between each gene 

and all others

Binarize and 
enforce symmetry

Remove isolated 
nodes

Figure 3.4: Lasso-based differential co-expression network construction.

Note that building a network G = (V,E), that is, a representation of pairwise relationships

over a set of vertices, is equivalent to inferring a neighborhood for each vertex (i.e., the set of

vertices to which it is connected). Given a LFC matrix X ∈ Rn3×m, the set of neighbors of vertex

vi ∈ V , denoted V (vi) := {vj : (vi, vj) ∈ E}, is inferred by regressing xi against all other variables

x\i := [x1, . . . , xi−1, xi+1, . . . , xn3 ]
T ∈ Rn3−1. The result is a matrix B ∈ Rn3×n3 whose diagonal is
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zero and the remaining n3 − 1 entries of a row i correspond to the coefficients of the regression of

xi against x\i. Each entry B(i, j) represents the strength of the relationship between vertices vi

and vj , where zero strength indicates no connection. For each variable xi the regression problem

has the form:

minimize
βi

∥∥Xi −X\iβi
∥∥2
2
+ λ ∥βi∥1 , (3.1)

where Xi and X\i represent the observations on xi (i.e., the transpose of the i-th row of X) and the

rest of the variables, respectively. The vector βi ∈ Rn3−1 is a vector of coefficients for xi. In Eq. 3.1,

the first term can be interpreted as a local log-likelihood of βi and the second term corresponding

to a ℓ1 penalty (absolute value of the magnitude of coefficients) is added to enforce sparsity. The

regularization parameter λ balancing the two terms. Lasso is repeated for all the variables leading

to a set of n3 ×n3 coefficients that are computed from β1, . . . , βn3 . Note that there is no guarantee

that B(i, j) ̸= 0 implies B(j, i) ̸= 0. Therefore, the information in V (vi) and V (vj) is combined to

enforce symmetry: an edge (vi, vj) is meaningful, if B(i, j) and B(j, i) are both non-zero. In this

way, the symmetric matrix A ∈ {0, 1}n3×n3 is created. Finally, as in the Pearson-based approach,

the number of nodes is reduced from n3 to n4 by removing the isolated nodes from A if there is

any, resulting in the matrix Â.

Note also that including the ℓ1 penalty allows Lasso to identify the variables that are strongly

associated with the response variable (i.e., variable selection). Since the value of the regularization

parameter λ determines the degree of penalty and the accuracy of the model, cross-validation is

used to select a regularization parameter that minimizes the mean-squared error. If the degree of

penalty λ is equal to zero, the solution is the same as least-squares (LS) linear regression (Björck,

1990). For larger values of λ, larger coefficients are shrunk towards zero. Lasso’s advantage

over LS is that the later does not yield non-zero estimates, which would result in a fully connected

network and the problem of setting a threshold for edge significance. Lasso avoids this additional

step as it simultaneously performs parameter estimation and variable selection by forcing the least

significant coefficients to zero through the ℓ1 penalty.

3.3 Overlapping Module Detection

The next step in the workflow is to identify overlapping modules from the differential co-expression

network represented by Â. The idea is to cluster genes with similar patterns of differential expres-
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sion change. Membership in these modules may overlap in biological contexts, because modules

may be related to specific molecular, cellular, or tissue functions, and the biological components

(i.e., genes) may be involved in multiple functions. This motivates the use of the Hierarchical Link

Clustering (HLC) algorithm (Ahn et al., 2010) within the CSI-OC workflow to detect overlapping

rather than disjoint gene communities. Broadly speaking, the HLC algorithm partitions groups of

links (rather than nodes) within the co-expression network, allowing each node (gene) to inherit

memberships from its multiple links, consequently belonging to multiple, overlapping modules.

Inside the CSI-OC workflow, the HLC algorithm organizes the n4 genes of matrix Â into c mod-

ules, where each gene can belong to zero or multiple modules. This information is represented

as an affiliation matrix, F ∈ {0, 1}n4×c, where F (i, u) = 1 if node i is a member of module u

and F (i, u) = 0 otherwise). This matrix serves as a fundamental resource for downstream analy-

ses, offering valuable insights into the intricate relationships between genes and their multifaceted

functional roles within the biological context under study.

3.4 Relevant Module Selection with Respect to Phenotypic Traits

To determine which sets of genes most influence the phenotypic response, a selection process is

carried out using Lasso regression. Fig. 3.5 summarizes the data processing at this stage of the

CSI-OC workflow.

Eigengenes 
computation

Module selection 
with LASSO

Union of genes of 
the selected 

modules

Figure 3.5: Relevant modules selection within the CSI-OC workflow.

Each network module is represented by an eigengene, which is defined as the first principal
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component of the belonging genes. An eigengene is an average differential expression profile

for each module. It is computed from the Log Fold Change Matrix X and the affiliation matrix

F . Given a module u, the affiliation matrix F is used to identify the genes belonging to u. The

corresponding rows of the matrix X are then selected to compute the first principal component

of u. Each principal component becomes a column of the matrix M ∈ Rm×c. These profiles are

associated with each phenotypic trait using LASSO as a feature selection mechanism (Fonti and

Belitser, 2017). To identify the most relevant modules associated with the phenotypic response to

the specific stress, the eigengenes (i.e., the columns of M ) act as regressor variables and each

phenotypic trait (i.e., each column of Y ) is used as an outcome variable. LASSO is applied p times,

once for each phenotypic trait. Therefore, for each trait Yz, with z ∈ 1, 2, ..., p, the regression has

the form:

minimize
αz

∥Yz −Mαz∥22 + λ ∥αz∥1 , (3.2)

where the weight αz(i) represents the importance of the i-th module in the phenotypic response of

the z-th trait. The regularization parameter λ, tuned with cross-validation, determines the number

of modules to be selected. The weights α evolve with each LASSO iteration, by trying to optimize

Equation 3.2, until the designed number of modules with non-zero weight is found. Intuitively, the

use of Lasso in the workflow achieves the goal of neglecting (i.e., reducing to zero) the weights

associated to modules with non-essential effects in the phenotypic response and, at the same

time, enhancing the weights associated to modules with significant effects.

The output after the application of LASSO is a set Wz of modules for each phenotypic trait

z, where Wz ⊆ {u|1 ≤ u ≤ c} for z = 1, 2, .., p. A candidate stress-responsive gene in I for

downstream analysis is any gene belonging to a selected module; that is, I =
⋃p

z=1Wz, where

I ⊆ {i|1 ≤ i ≤ n2}.

3.5 Discussion

In this chapter, a comprehensive workflow has been elucidated for the identification of candidate

stress-responsive genes. The workflow involves four key steps: data pre-processing, construction

of differential co-expression networks, detection of overlapping gene modules, and the selection of

relevant modules with respect to phenotypic traits. Each step plays a critical role in uncovering the

genes that are most closely associated with specific stress conditions. The utilization of tools such
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as Log Fold Change matrices, Pearson-based and Lasso-based network construction, alongside

the application of the Hierarchical Link Clustering (HLC) algorithm, collectively constitute a robust

analytical framework for the elucidation of stress-responsive genes within biological systems.

Regarding the Pearson-based network construction method, using a linear correlation coeffi-

cient (PCC) to express relationships between genes across samples is a common and reasonable

practice in many biological analyses, especially in gene expression studies. However, its appro-

priateness depends on several factors:

• Linearity Assumption: PCC assumes a linear relationship between variables. If the relation-

ship between genes is non-linear, PCC might not accurately capture the association.

• Outlier Sensitivity: PCC can be sensitive to outliers, potentially skewing the correlation value

and affecting the interpretation of gene relationships.

• Data Distribution: PCC assumes a bivariate normal distribution. If the data distribution sig-

nificantly deviates from normality, it might affect the reliability of the correlation results.

• Biological Interpretation: While PCC quantifies the strength and direction of the linear rela-

tionship between genes, it might not capture more complex biological interactions or regula-

tory mechanisms.

Thus, while PCC is a widely used and valuable measure to explore relationships between

genes, it’s important to consider its limitations.

The results presented in this chapter will serve as the foundation for the subsequent chapters

of this research. The workflow developed will be applied to two distinct biological case studies: one

involving rice under salt stress and the other focusing on sugarcane under drought stress.Through

the application of this workflow, the aim is to identify and validate stress-responsive genes specific

to each case. Additionally, experiments with synthetic data will be conducted to explore the bound-

aries and limitations of the workflow, facilitating its refinement for application in different contexts.

Beyond its biological applications, the workflow’s principles and methodologies will be generalized

for use in other domains. Specifically, this analytical framework will be applied in a marketing case

study, demonstrating its adaptability in revealing patterns and correlations in diverse datasets.

Through adaptation and expansion of the workflow to diverse contexts, the objective is to demon-

strate its broader applicability in addressing complex research inquiries and real-world challenges

across various fields of study.
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4. Identifying Salt-Responsive Genes in Rice (Oryza

sativa)

Stresses are key factors that influence plant development, often associated to extensive losses

in agricultural production (Mesterházy et al., 2020; Shrivastava and Kumar, 2015). Soil salinity is

one of the most devastating abiotic stresses. According to Shrivastava and Kumar (2015), soil

salinity contributes to a significant reduction in areas of cultivable land and crop quality. The study

estimates that 20% of the total cultivated land worldwide and 33% of the total irrigated agricul-

tural land is affected by high salinity. By the end of 2 050, areas of high salinity are expected to

reach 50% of the cultivated land (Shrivastava and Kumar, 2015). In dry and semiarid regions, soil

salinity emerges as the primary environmental challenge that significantly constrains plant produc-

tivity (Hussain et al., 2009). In sensitive plant species, salt stress inhibits growth and development

by reducing leaf area, photosynthesis, respiration rate, protein synthesis, nitrogen fixation, yield,

and biomass (Ghoname et al., 2023; Nguyen et al., 2023; Önay and Demirbas, 2023).

Rice (Oryza sativa), is a staple food for over half of the global population. Especially in Asia,

it is considered a glycophytic plant and is among the most vulnerable cereal crops to salinity

stress (Zeng and Shannon, 2000; Chang et al., 2019; Taratima et al., 2022). In the context of

Colombian agriculture, rice holds a prominent position as the third-largest crop in terms of na-

tional production value, following coffee and sugarcane. It engages approximately two million

people throughout the value chain and plays a crucial role in the country’s food security and rural

consumption, with a total production of 2.5 million tonnes a year (Lacambra et al., 2020).

Salinity tolerance and susceptibility in rice are the result of elaborated interactions between

morphological, physiological, and biochemical processes, which are regulated by multiple genes

in various parts of the plant genome (Reddy et al., 2017). One of the primary responses to salt

stress involves limiting the uptake of toxic ions, such as sodium (Na+), into the plant. To counteract

the osmotic stress caused by high salt levels in the soil, rice accumulates compatible solutes in its
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cells to maintain cellular turgor pressure and prevent water loss, enabling the plant to withstand

water scarcity associated with salinity. Rice also adapts its root architecture in response to salt

stress, developing longer roots or increasing the density of lateral roots to explore a larger soil

volume in search of less saline areas (Acosta-Motos et al., 2017; Zhao et al., 2020; Hannan et al.,

2020; Vázquez-Glaría et al., 2021). Understanding these multifaceted mechanisms of salt stress

response in rice and identifying the genes involved, is crucial for developing crop improvement

strategies that enhance its resilience to salinity, thereby ensuring stable rice production in regions

affected by high soil salinity levels.

In this chapter,we delve into the intricate realm of salt stress responses in rice (Oryza sativa) by

leveraging the CSI-OC workflow. To ensure a coherent and systematic exploration, the chapter is

organized into distinct sections. Section 4.1 elucidates the data’s origin, detailing its sources and

the variables employed in this study. Section 4.2 explores the dynamic evolution of gene numbers

throughout the comprehensive selection process within the CSI-OC workflow. Section 4.3 delves

into the characteristics of the overlapping modules identified. Section 4.4 presents the results of

computational validation, while Section 4.5 showcases the knowledge-based evaluation. Finally,

Section 4.6 engages in an insightful discussion, synthesizing the implications of the findings and

their potential impact on rice crop improvement. This structured approach aims to provide a com-

prehensive and in-depth exploration of salt stress responses in rice, bolstered by the innovative

CSI-OC workflow.

4.1 Origin of Data

The RNA-seq data was accessed from the GEO database (Clough and Barrett, 2016), accession

number GSE98455. It corresponds to n0 = 57 845 gene expression profiles of shoot tissues mea-

sured for control and salt conditions in m = 92 accessions of the Rice Diversity Panel 1 (Eizenga

et al., 2014), with r = 2 biological replicates. A total of p = 3 phenotypic traits were used: shoot

potassium content (K_shoot), shoot biomass (BM_shoot), and root biomass (BM_root). These

traits were measured for the same 92 genotypes, under control and stress conditions, and can be

found in the supplementary information for Campbell et al. (2017).
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4.2 Summary of Selected Genes

For this case study in rice, the CSI-OC workflow with the Pearson-based network construction

method was applied. As result, the workflow identified 19 rice genes that seem relevant in the

response to salt stress. They are distributed across six modules: three modules, each grouping

together three genes, are associated to shoot K content; two modules of three genes are associ-

ated to shoot biomass; and one module of four genes is associated to root biomass. These genes

represent target genes for the improvement of salinity tolerance in rice. Figure 4.1 depicts in a

Venn diagram how the number of genes selected at different stages evolve. It summarizes how,

from the initial n0 = 57 845 genes (with no gene replicates), the workflow of chapter 3 identified a

reduced set of 19 genes. First, 48 431 genes are discarded after filtering the normalized expression

data D2, then 486 additional genes are discarded when filtering the Log Fold Change matrix X,

next 3 118 genes identified as isolated nodes in A are also discarded, to finally arrive at 19 selected

genes, of which 16 are differentially expressed (|LFC| > 2).
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Figure 4.1: Venn diagram illustrating the progressive gene selection process within the CSI-OC

workflow for the rice case study, from an initial set of 57 845 genes to the final selection of 19 salt-

responsive genes.
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4.3 Overlapping Genes Characterization

The resulting adjacency matrix Â had 5 810 connected genes and accounted for 614 501 edges.

After applying the HLC algorithm, a total of 4 131 genes were distributed in c = 5143 overlapping

modules of at least 3 genes. Figure 4.2 presents a histogram of the overlapping percentage of

these genes, measured as the proportion of modules to which each gene belongs. The first bar

of the histogram represents the genes with zero overlap, corresponding to 28% of the total genes;

the remaining 72% represents the genes belonging to more than one module.
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Figure 4.2: Distribution of rice genes across overlapping modules.

Out of the 4 131 genes that were categorized into at least one module, 1 169 genes were

uniquely associated with a single module, while the remaining 2 962 genes exhibited overlaps

across multiple modules. Among these overlapping genes, a notable subset comprising 168 genes

stood out as statistically significant (validated by a Fisher exact test with a p-value < 0.05). Intrigu-

ingly, these genes are recognized as Transcription Factors (TFs) that have been drawn from the

PlantTFDB database (Jin et al., 2016). This finding lends strong support to the biological relevance

of the overlapping modules.

Transcription Factors (TFs) are pivotal in regulating gene expression, impacting various path-

ways with diverse functions (Renkawitz, 2006). Since TFs wield control over different biological

functions, it is expected that they would be found within overlapping modules. This observation

underscores the importance of these modules in representing interconnected regulatory networks
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that encompass a range of biological processes, all under the orchestration of these transcriptional

regulators.

4.4 Computational Validation

The ability of the selected genes to discriminate between control and stress samples was evalu-

ated using a random forest classifier, which was executed 100 times for each set of genes (CSI-OC

selected and randomly selected). The difference in the median accuracy values between the two

sets was assessed through a Wilcoxon test. While the test revealed significant differences in me-

dian accuracy (p-value < 0.05) between the selected and random genes, it is important to note

that both medians hovered around 0.5. This level of accuracy is generally considered suboptimal

for a robust classification model.

However, the situation improved considerably when evaluating the selected genes’ capacity to

predict phenotypic traits. As depicted in Figure 4.3, the expression profiles of the selected genes

exhibited better predictive performance (lower MSE values) for all phenotypic traits compared to

random genes. These results were further reinforced by a Wilcoxon signed-rank test based on the

MSE values, revealing statistically significant population differences (p-value < 0.05).
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0.032
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Figure 4.3: Boxplots of the MSE for the phenotypic trait predictions, contrasting the performance

of CSI-OC selected genes (in blue) with random genes (in orange).

In summary, the results highlight the effectiveness of the CSI-OC workflow in identifying genes

36



4. SALT-RESPONSIVE GENES IN RICE 4.5. KNOWLEDGE-BASED EVALUATION

whose expression profiles demonstrated a stronger association with phenotypic traits compared

to random gene sets. While distinguishing between control and stress samples presented chal-

lenges, the ability to predict phenotypic outcomes underscores the potential of this approach for

gaining valuable insights from gene expression data.

4.5 Knowledge-based Evaluation

From the 19 genes selected by LASSO, 16 genes (84%) are also identified as diferentially ex-

pressed (|LFC| ≥ 2) for at least one of the 92 accessions.

In general, there are 3 741 unselected diferentially expressed genes and 5 168 unselected non-

diferentially expressed ones, for a total of 8 909 genes. Therefore, differentially expressed genes

are significantly more likely to be selected by the workflow, as checked by a Fisher exact test with

p-value less than 10−3.

The 19 selected genes were also enriched by contrasting them with findings reported in other

works, namely, Du et al. (2019); Lahiri et al. (2021); McGowan et al. (2021); Yu et al. (2021),

which applied different approaches to study the RNA-seq dataset GSE98455 (i.e., the one used

in the case study). In McGowan et al. (2021), 11 of the 19 selected genes are reported to have

conserved heritability for both control and salt stress conditions. The identifiers for the 19 genes

are listed in Table 4.1. Note that some genes are marked with (*): in the DEG column are those

diferentially expressed, and in the H column are those having heritable expression under control

and salt stress (as reported in the literature).

Salinity tolerance comes from genes that limit the rate of salt uptake from the soil and the

transport of salt throughout the plant, adjust the ionic and osmotic balance of cells in roots and

shoots, and regulate leaf development and the onset of senescence Munns (2005). GO terms

related to these characteristics, and therefore relevant to salt stress, are found in this case study to

be associated with some selected genes. For example, gene LOC_Os12g37260 is annotated with

response to abiotic stimulus and response to stress, and gene LOC_Os12g10280 is annotated

with response to extracellular stimulus, channel activity, and transmembrane transport. Genes

LOC_Os04g12499, LOC_Os04g12530, and LOC_Os12g10280 are annotated with transporter

activity, while gene LOC_Os04g35010 is annotated with multicellular organism development.

In-vivo experiments, reported by independent authors, provide evidence on the relationship

with salt stress of five genes among the ones selected in the case study (26%). Gene LOC_Os04g12530
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Phenotypic trait Module TU ID LOC_Os ID DEG H

K_shoot

1

13101.t01457 LOC_Os01g16124 * *

13101.t01458 LOC_Os01g16130 * *

13104.t01366 LOC_Os04g16230 *

2

13104.t01068 LOC_Os04g12520 * *

13104.t01069 LOC_Os04g12530 * *

13104.t01066 LOC_Os04g12499 * *

3

13101.t00913 LOC_Os01g10400

13102.t03795 LOC_Os02g41820 *

13103.t00468 LOC_Os03g05870 *

BM_shoot 4

13101.t02836 LOC_Os01g33450 * *

13102.t01261 LOC_Os02g14520 *

13107.t03589 LOC_Os07g39390 *

13112.t00905 LOC_Os12g10280 *

BM_root

5

13101.t05133 LOC_Os01g58100 *

13112.t02444 LOC_Os12g27254 *

13112.t03421 LOC_Os12g37260 * *

6

13104.t03155 LOC_Os04g35010 * *

13108.t03971 LOC_Os08g42310 * *

13109.t01501 LOC_Os09g17049 *

Table 4.1: Salt-responsive rice genes.
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is reported as an up-regulated gene in rice plants tolerant to salt stress (Razzaque et al., 2019).

Gene LOC_Os12g10280 encodes an aquaporin nodulin 26-like intrinsic membrane (NIP3;5) pro-

tein (Hsieh et al., 2018); it has been shown that NIPs play an important role in salt stress responses

and in maintaining plant water balance (Kapilan et al., 2018). Gene LOC_Os04g35010 encondes

a protein from the bHLH domain, which has been shown to be part of multiple cellular processes,

including salt stress signaling pathways (Qian et al., 2021). Gene LOC_Os12g27254 encodes

spermidine hydroxycinnamoyltransferase 2 (SHT2) protein. This protein contributes to the natural

variation of spermidine-based phenolamides in rice cultivars, whose activity promotes tolerance

to saline stress (Bassard et al., 2010; Roychoudhury et al., 2011; Gupta et al., 2013; Peng et al.,

2019). Gene LOC_Os12g37260 encodes Lipoxygenase protein, which is considered to correlate

directly with salt tolerance in rice (Mittova et al., 2002; Mostofa et al., 2015; Hou et al., 2015).

Note that the STRING database reports a protein-protein interaction of the last two mentioned

proteins, namely SHT2 and Lipoxygenase, supporting their membership within the same module,

as seen in Table 4.1. In relation to the five genes mentioned, there are 387 other genes known to

be involved in salt stress (Razzaque et al., 2019; Liu et al., 2019; Chen et al., 2020). Therefore,

it can be said that the number of genes selected by the workflow that are related to salt stress is

significant, as checked by a Fisher exact test with p-value less than 10−2.

4.6 Discussion

The results obtained through the CSI-OC workflow showcase its potential in identifying stress-

responsive genes in the context of salinity stress in rice. This workflow, employing a Pearson-

based network construction method, stands out for its ability to pinpoint 19 rice genes that exhibit

relevance in the response to salt stress. These genes are distributed across various modules,

shedding light on their association with different aspects of salinity response.

A notable feature of the proposed CSI-OC workflow lies in its module detection technique.

Traditionally, the co-expression network analyses have employed methods like Weighted Gene

Co-expression Network Analysis (WGCNA) to identify distinct gene modules. However, the CSI-

OC workflow implement the Hierarchical Link Clustering (HLC) algorithm, an approach capable of

detecting overlapping communities within the network. Many existing module detection techniques

primarily focus on non-overlapping communities, and those that deal with overlaps tend to utilize

methods like bi-clustering and decomposition (Saelens et al., 2018). Yet, real-world networks, in-
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cluding biological ones, often exhibit overlapping community structures (Palla et al., 2005). The

CSI-OC workflow, therefore, presents a significant advancement by offering a generalization of

previous approaches, like WGCNA, with the potential to capture genes associated with multiple

biological processes simultaneously. This adaptability is especially valuable when studying com-

plex biological systems where genes often participate in multiple pathways and functions.

The presence of transcription factors (TFs) among the overlapping genes identified in this study

underscores their pivotal role in orchestrating various biological processes, including the response

to salt stress. Abiotic stress signals trigger intricate cascades that enlist diverse TFs to modu-

late the expression of stress-responsive genes, thus enhancing stress tolerance in plants (Khan

et al., 2018). These TFs, a subset of the overlapping genes, emerged as statistically significant,

further substantiating the biological relevance of the overlapping modules. TFs are well-known

for their capacity to regulate the expression of multiple genes, influencing a wide array of path-

ways with diverse functions (Renkawitz, 2006). Given their versatility, it is entirely expected that

TFs would be found within overlapping modules, emphasizing their role as central regulators that

govern interconnected biological processes. This observation strengthens the significance of the

identified overlapping modules as integral components of the regulatory networks governing salt

stress responses in rice.

The computational validation of the CSI-OC workflow’s performance provides valuable insights

into its capabilities. While the ability of the selected genes to discriminate between control and

stress samples exhibited room for improvement, the workflow excelled when assessed based on

its capacity to predict phenotypic traits. The expression profiles of the selected genes demon-

strated superior predictive performance compared to random gene sets, as evident from the lower

Mean Squared Error (MSE) values. This validation highlights the utility of the CSI-OC approach in

identifying genes whose expression profiles are closely associated with phenotypic traits, a crucial

aspect when studying complex biological responses.

The knowledge-based evaluation of the 19 selected genes provides further validation of the

CSI-OC workflow’s effectiveness. A significant proportion (84%) of these genes was also iden-

tified as differentially expressed in at least one of the 92 accessions studied. This alignment

with existing knowledge underscores the workflow’s ability to identify genes relevant to salt stress

responses. Moreover, contrasting the selected genes with findings from other studies revealed

conserved heritability for a subset of these genes under both control and salt stress conditions.

This knowledge-based validation strengthens the reliability of the workflow’s results and reinforces
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the notion that it can extract biologically significant genes associated with stress responses.

In conclusion, the findings presented in this chapter offer compelling evidence for the effec-

tiveness of the CSI-OC workflow in identifying stress-responsive genes, particularly in the context

of salinity stress in rice. The ability to detect overlapping communities within co-expression net-

works represents a significant advancement, as it accommodates genes associated with multiple

biological processes. While many of the identified genes align with existing knowledge of salt

stress responses, further investigations are needed to elucidate the precise biological functions of

the remaining genes, which have not yet been reported in the literature as related to salt stress

response. These uncharted genes hold the potential to provide critical insights into the intricate

mechanisms governing plant responses to salt conditions in rice and, by extension, other stressors

in diverse plant systems.
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arcane (Saccharum spp. Hybrid)

Agricultural sustainability is under threat due to the changing climate. In light of changing weather

patterns, various strategies need to be identified to help plants cope with different levels of stress,

such as drought or dehydration. Drought is the most significant abiotic stress (Riyazuddin et al.,

2022; Upadhyay, 2019), accounting for a global yield loss of $30 billion USD (Gupta et al., 2020).

Crop production is projected to face serious challenges by 2050, according to predictions (Kour

et al., 2022). Sugarcane (Saccharum spp.) is one of the primary crops worldwide, used to make

a variety of products including sugar, bioethanol, and renewable bioenergy (Verma et al., 2022a).

In Colombia, sugarcane represents 1.3% of total production, placing it in 11th position worldwide,

with a production of 2.1 million Tons of sugar, 347 million liters of bioethanol, and 1, 745 Gwh

of electric energy between 2022 and 2023. In total, sugarcane contributes 0.6% of the Gross

Domestic Product (GDP) (Asocaña, 2023). Its productivity is negatively impacted by abiotic stress,

as it is considered a high water-exhausting crop (Lakshmanan and Robinson, 2013). To this end,

most sugarcane plantations are located in southwest Colombia, specifically along the Cauca river,

covering 238 134 hectares and are classified according to the moisture: semi-dry, humid and

foothill (Trujillo-Montenegro et al., 2021).

Responses to drought stress in plants are the result of complex interactions between mor-

phological, physiological, and biochemical processes. They are regulated by multiple genes dis-

tributed across various regions of the plant genome (Riccio-Rengifo et al., 2021b). In general, its

consequences at the molecular or cellular levels, manifests in phenomic characters such as carbon

assimilation rates, turgor pressure, leaf gas exchange, photosynthesis, respiration, carbohydrate

metabolism and nutrient uptake (Hussain et al., 2018). For example, one of the most distinctive

effects of drought stress is the overproduction of reactive oxygen species (ROS), which leads to

alterations in the plant’s cellular membranes, ionic imbalance, and oxidation of the biomolecules
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(Hussain et al., 2016, 2018). The response to drought stress varies based on the photosynthetic

pathways of the plants, with marked differences in C3 and C4 plants (Karami et al., 2023; Lopes

et al., 2011; Tahmasebi and Niazi, 2021), such as sugarcane. For example, Tahmasebi and Niazi

(2021) suggested several specific mechanisms to respond to drought stress in C4 plants (maize),

when compared to C3 plants (rice). Their findings revealed that, while expression related with

response to stress, metabolic pathways and photosynthesis are common across both types, other

expressions distinctly vary.

Sugarcane is one of the most extensively studied crops for drought stress, underscoring the

complexity of responses at all levels (Contiliani et al., 2022, 2023; Kaura et al., 2022; Li et al.,

2023; Shrestha et al., 2023; Verma et al., 2022b; Zahoor and Babar, 2023). This chapter aims to

apply the CSI-OC workflow to identify relevant genes associated with drought stress in Colombian

sugarcane cultivars. To achieve this, we analyzed the gene expression profiles of different cultivars

and compared the leaves and roots of three cultivars under three conditions: normal irrigation

(control), drought with up to 25% moisture, and drought until the plant’s wilting point.

In summary, this chapter is structured to provide a comprehensive exploration of the CSI-OC

workflow’s application to identify key genes associated with drought stress in Colombian sug-

arcane cultivars. Section 5.1 delves into the origin of the data, highlighting the RNA-seq and

phenotypic data sources, as well as the experimental details that form the foundation of the anal-

ysis. In Section 5.3, the outputs from the CSI-OC workflow are presented, covering the number of

selected genes for each treatment, their intersections, and differences between leaves and roots.

Section 5.4 discusses the significance of overlapping genes within modules and their biological

implications, emphasizing genes crucial for plant adaptation under drought stress. Section 5.5

focuses on computational validation, confirming the relevance of CSI-OC selected genes in dis-

tinguishing control from stress samples and predicting phenotypic traits. Section 5.6 provides a

knowledge-based evaluation, highlighting enriched gene ontologies of selected genes and their

importance in stress response. Finally, Section 5.7 offers a comprehensive discussion of these

results, elucidating the intricate responses of sugarcane to drought stress at both the molecular

and phenotypic levels, enhancing our understanding of plant adaptation to adverse environmental

conditions.
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5.1 Origin of Data

RNA-seq read counts were provided by Cenicaña (Centro de Investigación de la Caña de Azúcar

de Colombia). The estimate of the RNA-seq read counts was handled by Trujillo-Montenegro et al.

(2021), where the raw RNA-seq reads were processed. The study focused on three genotypes

associated with drought stress: S67, S137, S165, (Saavedra-Díaz et al., 2023). The genotypes

were analyzed under three conditions: normal irrigation, medium stress (i.e., dehydration with up

to 25% of moisture), and severe stress (i.e., dehydration until reaching plant wilting point). For the

transcriptome analysis, samples comprised 5g of leaves and roots sourced from five-month plants

under each treatment, with biological duplicates (r1 = 6). The RNA extraction and Illumina paired-

end RNA-seq (2x100bp) processing were previously conducted by Cenicaña. Pre-processing

and read counts were estimated using FeatureCounts (Liao et al., 2014) by Trujillo-Montenegro

et al. (2021) and made available for this study. The reference genome was the cultivar CC-

01940 (Trujillo-Montenegro et al., 2021). In terms of phenotypic data, metrics such as the leaf

temperature, stomatal conductance, fluorescence of photosystem II and chlorophyll content were

recorded, with nine biological and three technical replicates (r2 = 27 by treatment). The instru-

ments used were the High Temperature IR Thermometer (Extech Instruments, USA), porome-

ter SC-1 (Decagon Devices, USA), FluorPenFP 100 model Z990 (Qubit Systems, Canada) and

chlorophyllometer SPAD 502 Konica Minolta (Sensing Americas, USA), respectively. This dataset

was previously documented by Cenicaña (Riascos-Arcos et al., 2015). DEG analysis had been

discussed by Riascos-Arcos et al. (2015) and Trujillo-Montenegro et al. (2021). The phenotypic

data supported certain hypotheses in Riascos-Arcos et al. (2015), but were not integrated into

their analysis.

For the enrichment analysis, a database comprising gene-GO annotations was essential.

Annotations for the CC-01940 genome were provided by Cenicaña. Further annotations were

sourced from INTERPROscan (Blum et al., 2021), Monocot plaza (Van Bel et al., 2022), and

OMA (Altenhoff et al., 2018), leveranging the CDS of the corresponding genome. We also looked

into annotations of genes homologous to Saccharum spontaneum via g:profiler (Raudvere et al.,

2019). Ultimately, we amassed 12 688 annotations spanning 10 259 genes and 519 GO terms,

providing a comprehensive backdrop for our enrichment analysis.

44



5. SUGARCANE DROUGHT-RESPONSIVE GENES 5.2. PEARSON VS LASSO NETWORKS

5.2 Comparison of Pearson-based and Lasso-based Networks

To establish a comprehensive understanding of gene interactions in response to varying stress

levels and tissue types, multiple experimental scenarios were devised using the available dataset,

which encompassed different stress levels denoted as C (control), M (medium stress), and S

(severe stress), along with distinct tissue types labeled as L (leaf) and R (root). Employing the

pairwise comparison approach facilitated by the CSI-OC workflow, focus was placed on six specific

cases: CML, CMR, CSL, CSR, MSL, and MSR. For example, the designation CML represents the

comparison between control and medium stress conditions specifically in leaf tissue.

Initially, an attempt was made to construct networks using the Pearson-based method. How-

ever, the resulting networks proved to be impractical for subsequent workflow steps due to com-

putational constraints. Consequently, the Lasso-based method was opted for.

A comparison between co-expression networks constructed using the Pearson-based and

Lasso-based methods revealed significant differences in network topology across all cases (CML,

CMR, CSL, CSR, MSL, and MSR) for sugarcane, as presented in Table 5.1. Lasso-based net-

works consistently demonstrated fewer nodes and edges, indicating a more sparsely connected

structure compared to their Pearson-based counterparts. This characteristic aligns with Lasso’s

capability to prioritize essential gene connections while minimizing noise and spurious correla-

tions.

The average degree, representing the average number of connections per node in the network,

offers insights into overall connectivity and complexity. Pearson-based networks exhibit higher

average degree values, ranging from 2 300 to 9 332, indicating denser connectivity with nodes

having more connections. In contrast, Lasso-based networks show lower average degree values,

ranging from 900 to 1 809, reflecting sparser connectivity.

Density, a measure of network connectedness, further underscores these differences. Pearson-

based networks consistently display higher densities (ranging from 0.015 to 0.866) compared to

Lasso-based networks (ranging from 0.00039 to 0.00103). This pattern suggests that Lasso-based

networks are consistently sparser, with fewer connections relative to the total possible connections,

than Pearson-based networks across all cases.

The choice of the Lasso-based network construction method for the sugarcane case study

is further justified considering the computational demands of subsequent steps in the workflow,

particularly the overlapping module identification. The HLC algorithm utilized for this task exhibits
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Table 5.1: Comparison of topological properties between Pearson-based and Lasso-based sugar-

cane networks across all cases (CML, CMR, CSL, CSR, MSL, and MSR)

Case Network Number of Nodes Number of Edges Average Degree Density

CML Pearson 11,227 5,964,920 3,338 0.094

CMR Pearson 14,096 9,370,059 4,188 0.094

CSL Pearson 10,871 5,715,989 3,243 0.097

CSR Pearson 14,204 10,220,720 4,270 0.101

MSL Pearson 10,921 5,412,059 3,225 0.091

MSR Pearson 13,652 10,324,297 4,168 0.111

CML Lasso 4,643 9,327 1,162 0.00086

CMR Lasso 4,976 8,622 1,245 0.00069

CSL Lasso 3,597 6,692 900 0.00103

CSR Lasso 7,234 10,370 1,809 0.00039

MSL Lasso 3,751 6,163 939 0.00087

MSR Lasso 6,171 11,633 1,544 0.00061

computational complexity that scales at least quadratically with the number of edges in the net-

work. In scenarios where networks possess dense connectivity, as observed in Pearson-based

networks, the computational burden imposed by the HLC algorithm can become prohibitively inten-

sive. By leveraging the sparsity-enhancing properties of the Lasso-based approach, the resultant

networks exhibit reduced density and fewer edges. Consequently, the computational requirements

for overlapping module identification are significantly mitigated, enabling more efficient processing

of large-scale networks, such as those encountered in the study of sugarcane gene expression

data. Thus, the adoption of the Lasso-based network construction method aligns with the overar-

ching goal of optimizing computational resources while maintaining the analytical rigor necessary

for comprehensive network analysis within the CSI-OC workflow.

5.3 Summary of Selected Genes

In this specific case study focused on sugarcane, the CSI-OC workflow was employed using the

Lasso-based network construction method. The workflow was systematically applied to evaluate

gene responses to drought stress under various conditions, with a focus on both leaf and root
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tissues. The analyses encompassed comparisons of control versus medium stress (CM), control

versus severe stress (CS), and medium stress versus severe stress (MS). A comprehensive vi-

sualization of the findings can be seen in Figure 5.1, which depicts the cardinalities of selected

genes for each experiment and their respective intersections.

Figure 5.1: Upsetplot illustrating the selected sugarcane genes in leaf tissues (A) and root tissues

(B) across all experiments, contrasting Control condition (C), Medium stress (M), and Severe

stress (S).

When the moisture level decreased to 25% in leaves (referred to as CML), a high number

of genes were selected as stress-responsive (264). However, the selected genes were only five

when the stress was maximum (when the plant reached the wilting point, termed CSL). Interest-

ingly, none of the selected genes were shared between treatments in leaves, indicating distinct

responses across these stress levels. On the other hand, for roots (denoted as CMR), only ten

genes were selected when the moisture level decreased to 25%, while a staggering 2116 genes

were highlighted when the plants reached the wilting point (CSR). In terms of this treatment, a

comparison between these two stress levels (referred to as MSR) reveled a set of 196 genes that

were common to both.

5.4 Overlapping Genes Characterization

In the CML, MSL, and CMR experiments, all selected genes showed an overlap. In contrast,

in the remaining experiments, a mere 20% of the selected genes had overlap. The presence

of overlapping genes among the selected as stress-responsive suggests a high degree of co-
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regulation among these genes, potentially indicating their pivotal roles in the shared response to

stress.

When centering our analysis on genes that overlap, before pinpointing those responsive to

stress, some interesting findings surfaced. Beyond the anticipated annotations tied to stress re-

sponses, there was a marked and statistically significant (p-value < 0.05) representation of the

term “regulation of DNA-templated transcription”. This term is intrinsically linked to transcription

factors, pivotal in guiding gene expression. It stands to reason that such transcription factors would

emerged in multiple modules concurrently, acting as primary regulators in a myriad of biological

pathways. Additional noteworthy annotations within the overlapping genes are tied to transport

mechanisms: protein transport, proton transmembrane transport, lipid transport, and photosyn-

thetic electron transport in photosystem II. Genes with these transport-related annotations gain

prominence when seen in several modules at once, as they are presumed to occupy central roles

in integrating, orchestrating, and fine-tuning diverse biological functions necessary for a plant’s

resilience to stress. Their ubiquity across modules underscores their importance in bolstering

plant survival and adaptability under adverse environmental settings. These findings indicate ac-

counting for overlapping communities in the CSI-OC workflow provides a more comprehensive

perspective on intricate gene interplays.

5.5 Computational Validation

The efficacy of the selected genes in distinguishing between control and stress samples was

assessed. The experiments comparing control vs medium stress, both in leaf and root, outper-

formed sets of random genes, as depicted in Figure 5.2. This was substantiated by a Wilcoxon

signed-rank test based on the accuracy values, which revealed median significant differences

(p-value < 0.05) for those experiments. These results indicate that the CSI-OC workflow allows

discriminating genes that classify well for the two control and medium stress conditions.

Furthermore, the efficiency of selected genes in predicting phenotypic traits was evaluated, as

shown in Figure 5.3. The expression profiles of the selected genes proved more adept at predict-

ing stomatal conductance (indicated by lower Mean Square Error, MSE, values) than their random

counterparts in all experiments. In predicting the SPAD trait, the selected genes outperformed

in all experiments except CML. For chlorophyll fluorescence, the he selected genes showed su-

perior prediction capability in the CML and CSR experiments. And for the leaf temperature, the
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Figure 5.2: Boxplots illustrating the accuracy of the control/stress classification, contrasting CSI-

OC selected genes (in blue) with random genes (in orange).

selected genes were more predictive in the CML experiment. These findings were corroborated

by a Wilcoxon signed-rank test focusing on the MSE values, which showed significant population

differences (p-value < 0.05) for the previously mentioned experiments and traits. This underscores

the capability of the CSI-OC workflow in pinpointing genes whose expression patterns more accu-

rately mirror phenotypic traits, as opposed to random gene groups.

5.6 Knowledge-based Evaluation

Figure 5.4 provides a comparison between genes selected using CSI-OC and those up- or down-

regulated as identified by DESeq2. This is for leaves and roots subjected to drought stress, either

up to 25% of moisture (as depicted in Figure 5.4-A), or up to the wilting point (as shown in Fig-

ure 5.4-B). When examining the control vs medium stress in leaves (CML), we identified 29 that

were common between CSI-OC and up-regulated (LFC > 1) genes for CML. Out of these, seven

have unknown functions. The rest are a mix of transcription factors (like ERF09 and ERF053-like,

MYB-like, bZIP43-like), negative regulators (such as NGR-like, FOR1-like, LEA17-like), membrane

transporters (including BOR4, GATL9), proteins linked to photosynthesis (COX3, psbC, OEP162)

and tyrosine kinase receptors (like SIT2, At2g1913). There are also genes associated with pho-

tosynthesis, cell wall biosynthesis, and fatty acids production. Specifically, two genes are tied to

stress response. based on our results, CSI-OC picks about 10% of the up-regulated genes (264

49



5.6. KNOWLEDGE-BASED EVALUATION 5. SUGARCANE DROUGHT-RESPONSIVE GENES

0.08

0.09

0.10

0.11

0.12

0.13

M
SE

Control vs Medium stress in Leaf (CML)
dataset

selected
random

0.04

0.06

0.08

0.10

0.12

0.14

0.16

0.18

M
SE

Control vs Medium stress in Root (CMR)
dataset

selected
random

leaf temperature

stomatal co
nductance

chlorophyll flu
orescence SPAD

0.05

0.10

0.15

0.20

0.25

M
SE

Control vs Severe stress in Leaf (CSL)
dataset

selected
random

leaf temperature

stomatal co
nductance

chlorophyll flu
orescence SPAD

0.05

0.06

0.07

0.08

0.09

0.10

0.11

M
SE

Control vs Severe stress in Root (CSR)
dataset

selected
random

Figure 5.3: Boxplots illustrating the Mean Squared Error (MSE) for the phenotypic trait predictions,

contrasting CSI-OC selected genes (in blue) with random genes (in orange) across experiments:

CML, CSL, CMR, and CSR.

CSI-OC vs 2 296), with a 10% overlap, implying that CSI-OC identifies pertinent genes that might

not be strictly correlated with DEG, but still react to the given phenotype. Interestingly, n genes

chosen for CML overlapped with down-regulated genes (LFC < −1).

With respect to roots, only three genes overlapped with the down-regulated genes identified

by DESeq2. These genes encode for an intramembrane protease (IMP, Type II CAAX prenyl

endopeptidase Rce1-like, Sobic.002G200200.3), a transcriptional regulator called PHR (Phos-

phate starvation Response, cc_00024952) and a MLO-like protein (cc_00027902, GO:0006952,

GO:0016021). Furthermore, CSI-OC did not reveal any genes common between leaf and root.

This indicates that the correlation between gene expression and phenomic data results in distinct

modules based on the tissue.

For severe stress (when the stress reaches the wilting point), CSI-OC identified only five genes

for leaves. Among them, a leucine zipper transcription factor (cc_00031585) overlapped with

down-regulated genes from DeSeq2 results. IN contrast, the root presented 247 CSI-OC coincid-
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Figure 5.4: Upsetplots comparing up-regulated, down-regulated and CSI-OC selected genes, in

leaves and roots under two stress levels: (A.) Control vs Medium stress, (B.) Control vs Severe

stress.

ing with DeSeq’s up-regulated genes, and another 448 with its down-regulated genes. In total,

XSI-OC pinpointed 1 605 distinct genes for the CSR experiment.

In terms of enriched gene ontologies (biological processes) from differentially expressed genes

selected by CSI-OC, Figure 5.5 reveals nine GOs common between CSI-OC and up-regulated

genes for CML. Conversely, three GOs coincided with down-regulated genes, and two GOs were

common for both with up- and down-regulated genes. Among these, the most predominant as-

sociated biological process was the regulation of transcription, involving 15 CSI-OC genes. This

was followed by proteolysis (with 8 genes) and protein ubiquitination (with 6 genes). Interestingly,

the most significant GOs enrichment p-values corresponded to proton transmembrane transport,

phosphorylation, light reaction in photosynthesis and protein ubiquitination. Aditionally, other GOs

have a direct association to drought stress and the evaluated phenotypes, including defense re-

sponse, photosynthetic electron transport chain, signal transduction, and DNA repair.

For CSL, out of five genes pinpointed by CSI-OC (Figure 5.1), only two gene ontologies

emerged as significant (p-value < 0.05): polyamine transmembrane transport and RNA-mediated

gene silencing. Upon comparing both stress experiments, a mere four genes were selected by

CSI-OC, with two BPs being significant: tRNA aminoacylation for protein translation and proteoly-

sis.

Figure 5.6 showcases the GOs for CMR (Figure 5.6-A) and CSR (Figure 5.6-B). Here, CSI-OC

unveiled 40 ontologies with minimal overlap with up or down-regulated genes. Only two over-
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Figure 5.5: Barplot of enriched Biological Processes (BPs) from CSI-OC selected sugarcane

genes in Leaves under Control vs Medium stress (CML). Upsetplot comparing up-regulated (u),

down-regulated (d), and CSI-OC selected (w) genes.

lapped with up-regulated genes, one coincided with down-regulated ontologies, and two were in

common between the ontologies for up and down-regulated genes. The biological process pre-

senting the lowest FDR was response to stimulus. Other noteworthy ontologies included response

to stress, defense response, protein processing (e.g., maturation and excision of three aminoacids

at carboxy terminal position).

For control vs severe stress in roots (CSR), out of 78 biological processes enriched for genes

pinpointed by CSI-OC, four ontologies overlapped with up-regulated genes, five with down-regulated

and 12 coincided with both categories. Several shared ontologies such as protein phosphoryla-

tion (> 80 genes), oxidation-reduction processes (80 genes), transmembrane transport (40 genes)

were highlighted. Notably, the hydrogen peroxide catabolic process registered the lowest FDR.

Finally, in contrasting both stress experiments for root, though 1 657 genes were highlighted

by CSI-OC, only 80 biological processes met the significance threshold (p-value < 0.05). Among

these, seven BPs were in tandem with down-regulated genes, and two aligned with both up and

down-regulated genes. None of the ontologies exclusively linked to up-regulated genes. Never-

theless, distinct ontologies between treatments were observed, with the lipid biosynthetic process

displaying lowest FDR, followed by protein deubiquitination and glucan metabolic process. The

predominantly observed BP was DNA-templated transcription, encompassing nine genes.
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A.

B.

C.

Figure 5.6: Barplot of enriched Biological Processes (BPs) in root tissue from CSI-OC selected

sugarcane genes under different stress levels:(A) Control vs Medium stress (CMR), (B) Control vs

Severe stress (CSR), and (C) Medium stress vs Severe stress (MSR). The upsetplot compares

up-regulated (u), down-regulated (d), and CSI-OC selected (w) genes.

5.7 Discussion

CSI-OC offers a comprehensive workflow for investigating the relationship between specific genes

and their role in response to different treatments, while also considering the interconnected genes

that have the closest associations with phenotypic traits. This holistic approach allows for a more

in-depth analysis of gene interactions and their contribution to stress response mechanisms. The

application of the workflow to hybrid sugarcane cultivars posed a unique challenge. The refer-

ence genome for the sugarcane cultivars used in this study, CC 01-1940, is notably larger and

more complex, containing a total of 63 724 predicted genes (Trujillo-Montenegro et al., 2021). This

represents three times more genes than the rice nipponbare genome. As a result, when construct-

ing co-expression networks for sugarcane based on gene counts, the traditional Pearson-based

method proved to be computationally intensive and challenging primarily due to the requirement of
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a threshold to determine the most robust connections for network edges. In fact, Pearson-based

networks for sugarcane were found to be unfeasible to process. Two approaches were tried to

define the Pearson threshold (Aoki et al., 2007), but both resulted in particularly high threshold

values. These high thresholds led to the formation of very dense networks, which, in turn, sig-

nificantly increased the computational complexity of the subsequent workflow step: overlapping

clustering using HLC (Ahn et al., 2010).

This limitation was overcome with the Lasso-based approach to infer sparse co-expression net-

works within the CSI-OC workflow. This approach not only results in sparse networks, but also pro-

vides accurate parameter estimates even when dealing with limited sample sizes (Holmes Finch

and Hernandez Finch, 2019). The latter is also a significant limitation of the Pearson correlation

coefficient, since it demands large sample sizes for statistically reliable results (Bujang and Ba-

harum, 2016; Liesecke et al., 2019; Ovens et al., 2020), which are often prohibitive due to time

and cost constraints in extracting the experimental data. Therefore, the Lasso-based approach

for network construction within the CSI-OC workflow is particularly advantageous and reliable in

cases with large numbers of genes and few samples, as in the case with sugarcane.

Other sugarcane cultivars have been evaluated with a similar network-based approach. For

example, WGCNA, has been used to assess sugarcane tiller seedlings under drought stress (Tang

et al., 2023). In this study, they used WGCNA to identify disjoint gene modules, mainly focusing on

the hub nodes of the modules significantly associated with physiological or biological traits. In con-

trast, the CSI-OC goes beyond identifying hub nodes (Vandereyken et al., 2018). It emphasizes

overlapping modules, ensuring that multiple genes with interconnected roles are not overlooked.

The CSI-OC workflow looks at those genes that, even if they are not central, significantly influence

the phenotypic response due to their connections with multiple modules. In terms of computa-

tional cost, WGCNA is primarily designed to analyze a single dataset at a time. However, when

comparing control and stress conditions, WGCNA employs a technique of stacking the control and

stress datasets to create an unified dataset (Langfelder and Horvath, 2008). While this method

retains the unique characteristics of each condition, it may result in a larger dataset, potentially

increasing computational requirements, especially when dealing with substantial datasets. In con-

trast, CSI-OC takes a faster approach by calculating the Log2 Fold Change (LFC) for each gene

within each genotype, effectively quantifying the gene expression change from control to stress

conditions. This method explicitly captures the information related to differential expression. Uti-

lizing a LFC matrix often yields a more concise and focused dataset, emphasizing genes with the

54



5. SUGARCANE DROUGHT-RESPONSIVE GENES 5.7. DISCUSSION

most significant expression alterations (Love et al., 2014). If the objective is to comprehend gene

co-expression networks in response to stress conditions, utilizing LFC data can provide a more in-

formative and efficient solution in this sugarcane case study. Finally, CSI-OC avoids the definition

of an arbitrary threshold value of Pearson’s coefficient value. In contrast, as a result of module

selection using Lasso, the output only includes coefficient values different to zero, i.e. relevant

genes.

It’s noteworthy that the number of CSI-OC-selected genes in leaves was less than in roots.

Such a trend implies that CSI-OC might exhibit increased stringency when phenotype data closely

aligns with the expression data, as observed when both datasets originate from the same tissue

(leaf). This heightened stringency may arise from the analysis becoming more tailored to a specific

tissue which in turn, accentuates the expressions patterns of stress-responsive genes within that

designated area. Furthermore, this observed behavior can be attributed to the fact that roots are

often the primary tissue impacted by most abiotic stresses in grasses (Kang et al., 2022; Kul et al.,

2021). This observation corroborates the effectiveness of the proposed workflow. As a result,

genes that are distinctly associated with stress response in roots become more prominent. This

leads to a refined selection of genes that are pivotal in facilitating stress adaptation within that

tissue.

The phenotypic traits used with CSI-OC workflow encompass a range of parameters, including

leaf temperature, stomatal conductance, fluorescence of photosystem II, and chlorophyll content.

However, a wide range of additional possibilities could be considered, including physiological pa-

rameters (e.g., transpiration rate), physical measurements (e.g., internode or root height, stem

or leaf diameter), and crop performance indicators (e.g., dry biomass weight, extraction yield,

productivity). Moreover, phenotypic data can also encompass metabolite quantification, such as

carbohydrates, nitrogen levels, or specific secondary metabolites. By leveraging the existing high-

throughput technologies in both molecular and phenomic fields, the workflow integrates these

diverse data types to enhance the understanding of plant responses under several environmental

stresses.

The computational validation demonstrates the meaningfulness of genes identified by CSI-OC

in each treatment. These genes outperformed randomly selected gene sets in both classification

and regression tasks. In classification, CSI-OC-selected genes consistently excelled in distin-

guishing control from stress samples. In regression, they demonstrated superior predictive ca-

pabilities for phenotypic traits. Wilcoxon signed-rank tests (Woolson, 2007) confirmed significant
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differences between the selected genes and random gene groups, affirming the effectiveness of

the CSI-OC workflow in identifying stress-related genes with close ties to phenotypic traits. Func-

tional enrichment analysis, discussed below, further supports the involvement of CSI-OC-selected

genes in vital biological processes and the regulation of stress-related phenotypic traits.

The results displayed a contrasting pattern in the number of CSI-OC selected genes between

leaves and roots. In the leaf tissue, a decrease in the count of responsive genes with escalating

stress level was found. Conversely, root tissue demonstrated an opposite behavior, marking an

uptick in gene counts at the wilting point. This dichotomy points towards a sequential flow of gene

responses, transitioning from leaves to roots, as the plant encounters increased stress levels. The

data hints that the timing of the stress response within a particular tissue might have implications

on the overall reaction, suggesting that the plant coordinates responses between leaves and roots

to ensure a swift, cohesive adaptation to drought conditions (Hsiao and Xu, 2000; Kang et al.,

2022; Kul et al., 2021; Min et al., 2020; Vives-Peris et al., 2020). This alignment is evident in

the synchronized gene expression patterns across tissues, which mirrors analogous biological

processes noted in prior research on carbohydrate metabolism in plants such as (Du et al., 2020),

Vicia sativa (Min et al., 2020), and Rose (Li et al., 2021).

Regarding the biological functions of selected genes by CSI-OC, some of these genes were

found to be shared with up-, down- or both-regulated genes. However, unique expressed genes

were also found to be not significantly different from the control experiment but having rele-

vant gene expression network interactions, including the SAP (Stress Associated Protein) genes

(Muthuramalingam et al., 2021). The importance of these types of genes is highlighted due to

their relevance for drought stress response and the risk of overlooking them if solely relying on

DESeq2 results for analysis. In leaves, for example, CSI-OC selected cc_00006300, a Knot-

tin motif, whose function is associated with enhanced immunity in plants, defense against biotic

stress, with antifungal or insecticide activities (Tavormina et al., 2015; Zhang et al., 2023). The

gene cc_00002124 has a Gcn5-related N-acetyltransferase (GNAT) domain profile that was up-

regulated and associated with drought tolerance in sorghum (Devnarain et al., 2019). However,

GNAT was negatively affected by a miRNA in Populus trichocharpa under temperature stress (Das

et al., 2021), suggesting that this mechanism of regulation could lead to its exclusion in DESeq2

results. Nevertheless, CSI-OC methodology successfully identified the cc_00002124 gene. Sim-

ilarly, cc_00008263, a gene that codes for an Argonaute protein (AGO1) and strongly associated

with dehydration and RNA silencing (Cui et al., 2020), was surprisingly not detected by DESeq2.
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Genes associated with BHLH transcription factor (Helix-loop-helix DNA-binding domain) were se-

lected by CSI-OC, but not by DESeq2. Tang et al. (2023) and Contiliani et al. (2023) also reported

this transcription factor by WGCNA and as an up-regulated gene in DESeq2, respectively, as a

key regulator associated with drought stress in sugarcane, regulating vertical growth associated

with ABA (abscisic acid), but also hypothetically in an independent manner (Tang et al., 2023).

The ABA dependent response should explain our results, where the first response (determined

by higher selected genes) occurred in the leaves than roots (comparing the absolute number of

selected genes), and after, when the stress is at its maximum, the roots become responsible for

almost all drought stress response (Surya Krishna et al., 2023). Contiliani et al. (2023) also high-

lighted the presence of up-regulated GSTT, a glutathione S-transferase, as a key gene for redox

homeostasis in sugarcane.

In the roots, when looking at the genes exclusively selected by CSI-OC under medium stress

conditions with moisture levels at 25%, gene cc_00001481 was the only one that exhibited signif-

icant and distinct biological processes related to drought stress, including the regulation of DNA

and RNA, as well as responses to stimuli and stress. The most relevant GO was response to

stimulus, suggesting that genes cc_00001481 and cc_00027902 are highly responsive in root.

By contrast, when the stress reached the wilting point, BPs were related to response to oxidative

stress (14 exclusive selected genes), defense response (15 genes), DNA reparation (13), protein

degradation (14 genes) or xenobiotic transport or detoxification through the plasma membrane (12

genes). Finally, when assessing the comparison between stress-level treatments, it was observed

that the lipid biosynthetic process (involving six genes) gained relevance during the transition from

low moisture to extreme moisture scarcity, indicating a potential increase in the production of fatty

acids within root cells in response to various drought-related stresses.
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tion with Synthetic Data

The generation of synthetic expression data provides innovative solutions to address critical chal-

lenges across various scientific disciplines, including issues related to data availability and exper-

imentation (Savage, 2023). Synthetic data plays a pivotal role in enriching real-world datasets

by augmenting them with additional data points and features. This augmentation significantly en-

hances the performance of various applications, including machine learning models, statistical

analyses, data visualization, and hypothesis testing, especially in scenarios where real data is

limited (Chen et al., 2021).

Cost-effectiveness is a compelling advantage of synthetic expression data generation. It be-

comes particularly evident, when compared to the comprehensive expenses associated with ex-

tracting real gene expression data, especially in plants. Extracting real gene expression data

involves a multitude of costs, including those for sample collection, preparation, and preserva-

tion, as well as the selection of appropriate sequencing technologies and the sequencing process

itself. Moreover, the need for specialized equipment and skilled personnel for RNA extraction,

library preparation, and data analysis further escalates expenses (Conesa et al., 2016; Shen-

dure et al., 2017). Additionally, gene expression experiments often require rigorous experimental

design, increasing costs associated with multiple replicates, treatments, and time points. In con-

trast, synthetic expression data generation offers a cost-efficient alternative, circumventing many

of these challenges. It enables researchers to simulate complex biological scenarios, reduce data

collection and storage costs, and streamline experimental design while still providing valuable

insights and advancing scientific knowledge in genomics (D’amico et al., 2023).

In addition to cost savings, synthetic expression data generation offers researchers a higher

degree of control and flexibility. Researchers can tailor synthetic datasets to simulate specific sce-

narios, rare events, or experimental conditions that may be challenging or expensive to replicate
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in real experiments. This level of control not only accelerates research, but also can allow for the

exploration of a wide range of hypotheses without the constraints of real-experiment data. Syn-

thetic data serves as a valuable tool for testing and validating novel methods in gene expression

analysis, for it allows researchers to thoroughly assess the strengths and weaknesses of these

methods before their application to real-world datasets, ensuring robust and reliable results.

As part of this research, a primary focus is the utilization of synthetic expression data for com-

prehensive testing and the identification of limitations within the CSI-OC workflow. As previously

outlined in Chapter 3, this workflow relies on input data that encompasses gene expression and

phenotypic traits measured under both control and stress conditions. The specific interest lies

in evaluating the extent to which the CSI-OC workflow is capable of producing reliable results in

relation to the degree of discrepancy between control and stress input data. To achieve this, it

is imperative to have synthetic expression data that accurately mirrors various stress levels, as

reflected in phenotypic trait values.

While numerous methods exist for generating synthetic expression data, previous research

(Maier et al., 2013) has indicated that they often struggle to faithfully replicate the key properties

of real gene expression data, such as, non-linearity, variability, and contextual information. In

response to this challenge and to better align the model for synthetic expression data generation

with the present research needs, we have developed our own model named CoSynthEx. This

model focuses on the conditional generation of synthetic expression data, designed to create a

more authentic simulation of gene expression data by integrating additional contextual information,

including phenotypic traits and sample conditions (e.g., control or stress).

In summary, this chapter introduces CoSynthEx, a model designed to create synthetic expres-

sion data, and elucidates its role in assessing the CSI-OC workflow. To this end, Section 6.1

provides a comprehensive overview of the CoSynthEx model, emphasizing its reliance on real ex-

pression and phenotypic data. The real data used in this context corresponds to the rice dataset

introduced in Chapter 4. Consequently, Section 6.2 offers a detailed statistical analysis of the

rice data to enhance the understanding of the patterns distinguishing the control and stress data.

Moving forward, Section 6.3 outlines the procedural framework for generating and testing syn-

thetic expression data within the CSI-OC workflow. Section 6.4 presents the outcomes of the

experiments and, finally, Section 6.5 provides the corresponding discussion of the main results.
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6.1 CoSynthEx

CoSynthEx employs a conditional generative adversarial network (cGAN) as its foundational model

(for additional background details, refer to Section 2.3). The utilization of a cGAN model enables

the creation of synthetic expression data tailored to specific conditions and biological contexts.

The architecture of the CoSynthEx cGAN is depicted in Figure 6.1. This cGAN operates by taking

phenotypic trait data, denoted as P , and sample condition information (e.g., control and stress),

denoted as Q, as conditional information. The generator network within the cGAN receives this

conditional information along with random noise data, represented as R. In response, the gen-

erator produces synthetic expression data denoted as Esynth. The synthetic data is then passed

on to the discriminator along with real expression data (denoted as Ereal) and their corresponding

conditional information (P and Q). The discriminator’s role in this adversarial duo is to distinguish

between real and generated data, while the generator aims to deceive the discriminator by creat-

ing synthetic data that closely resembles the real one. This dynamic process is essential for the

successful operation of the cGAN and the generation of highly convincing synthetic expression

data.

Generator Discriminator synth / real

Training

Conditional information

Random noise

Figure 6.1: CoSynThEx cGAN architecture. The red line illustrates the feedback loop where the

discriminator’s outputs influence both its own learning and that of the generator throughout the

training process.

The generator network consists of four layers: the input layer, two hidden layers, and the output

layer. The activation function for the hidden layers is ReLU (Bai, 2022), while the output layer

employs the sigmoid activation function (Rasamoelina et al., 2020; Kaloev and Krastev, 2021).

Similarly, the discriminator follows a comparable architecture, featuring these same four layers and
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activation functions. However, the discriminator introduces dropout in its hidden layers, to enhance

robustness, generalization capabilities, and overall stability. This, in turn, leads to improved training

dynamics and contributes to the generation of high-quality synthetic samples by the generator.

Through a process of rigorous training and parameter optimization, the model’s loss curves

should be finely tuned to exhibit ideal behavior. The generator’s loss should begin at a relatively

high point and progressively decrease during the training process, eventually converging to a

low value. This trend indicates that the generator is effectively learning to generate data that

closely resembles the distribution of real data. On the other hand, the discriminator’s loss, at the

outset, should start relatively high but gradually decreasing as well, ultimately stabilizing at a low

value. This dynamic illustrates the success of the training process, where the discriminator faces

challenges in distinguishing between real and synthetic data due to the generator’s increasing

ability to produce convincingly realistic data.

6.2 Statistical Analysis of Real Input Data

Recall from Section 4.1, rice expression data encompasses a total of 57, 845 gene expression

profiles measured across 184 samples under both salt stress and control conditions. To initiate the

analysis, we conducted a visual exploration employing violin plots (see Figure 6.2). These plots

allowed us to examine various statistical aspects, including measures of central tendency (e.g., the

median), data spread (as indicated by the interquartile range), and skewness, particularly focusing

on the distinctions between control and stress conditions.
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Figure 6.2: Violin plots of rice expression data under salt stress (yellow) and control conditions

(green).
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As illustrated in Figure 6.2, the expression data did not conform to a normal distribution. Fur-

thermore, the left side of the figure demonstrated that discerning differences between the control

and stress distributions in the overall dataset, considering all genes collectively, was challenging.

However, a closer examination of individual genes, as depicted on the right hand side of Fig-

ure 6.2, revealed observable distinctions in the expression data. For example, the distribution of

expression data for gene 13110.t01358 displayed noticeable variations between control and stress

conditions. These distinctions were subsequently confirmed to be statistically significant through

a Mann Whitney U test (p-value < 0.05). This analysis suggests that the differences in control and

stress expression data are more pronounced at a specific gene level, rather than being general

trends across the entire dataset.

Regarding the phenotypic traits, these include shoot potassium content (K_shoot), shoot biomass

(BM_shoot), and root biomass (BM_root) measured for the same 184 samples as expression data.

In this case, we also begin with a visual exploration of the data using violin plots to discern dif-

ferences between the control and stress conditions for the trhee phenotypic traits. Figure 6.3

suggests that, in contrast to the expression data, significant differences are evident in the values

of these phenotypic traits when comparing stress and control conditions.

0.6

0.7

0.8

0.9

1.0

1.1

1.2

1.3

K_
sh

oo
t

control
stress

0.2

0.4

0.6

0.8

1.0

1.2

1.4

BM
_r

oo
t

control
stress

1.0

1.5

2.0

2.5

3.0

3.5

BM
_s

ho
ot

control
stress

Figure 6.3: Violin plots of rice phenotypic traits (K_shoot, BM_root, and BM_shoot) under salt

stress (yellow) and control conditions (green).

Note also from Figure 6.3 that the data distributions exhibit a shape reminiscent of a normal dis-

tribution. This observation is substantiated by a Shapiro-Wilk test, which confirms that the data dis-

tributions are not significantly different from a normal distribution in all cases (p-value > 0.001). The

data’s normality enables the application of an F-test to validate the significant difference in stan-

dard deviations between the control and stress data for all the phenotypic traits (p-value < 0.05).
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With these assumptions met, a Welch t-test is applied to finally corroborate the initial observation.

The results affirm that the difference between the means of the control and stress data is indeed

significant (p-value < 0.05) for all phenotypic traits.

The statistical analyses conducted in this section underscore the intricate nature of the expres-

sion data. The pronounced disparities observed in the control vs. stress phenotypic data provide

substantial evidence that these three traits are closely linked to the stress response in rice under

salt stress conditions. Furthermore, these findings emphasize the significance of external data,

such as phenotypic information, in effectively distinguishing between control and stress datasets.

6.3 Framework for CSI-OC Validation with CoSynthEx

The primary goal is to evaluate the extent to which the CSI-OC workflow yields meaningful re-

sults. This evaluation involves testing CSI-OC in various scenarios and employing computational

validation to determine in which scenarios the selected genes hold meaningful significance.

To ensure a comprehensive evaluation, it is essential to consider multiple scenarios. Given

the challenges associated with obtaining real data, resorting to the generation of synthetic data

becomes necessary. Utilizing phenotypic traits as the foundation for scenario design is partic-

ularly advantageous, as they directly reflect differences between control and stress conditions.

Real phenotypic data exhibiting normality further enables the simulation of various scenarios or

stress levels by employing a normal distribution function with distinct parameters, such as mean

and standard deviation. To complement the synthetic data, the CoSynthEx model facilitates the

generation of expression values corresponding to the simulated phenotypic data for each scenario.

To generate expression data corresponding to each scenario, the CoSynthEx model should

be previously trained with real data. After the training is completed, the discriminator is no longer

required, and only the generator part of the network needs to be retained to produce new synthetic

expression data for each scenario.

The step-by-step framework for testing the CSI-OC workflow with synthetic data for a specific

scenario is outlined in Figure 6.4. From a global perspective, each scenario is characterized by

mean and standard deviation values for the stress phenotypic data. The process unfolds in four

steps, ultimately resulting in a p-value that allows to determine whether the CSI-OC workflow

detects meaningful results in that particular scenario.

The first step involves taking the parameters of the respective scenario (µ and σ) as input and
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Figure 6.4: Framework for CSI-OC validation with synthetic data. The squares represent the

four individual steps of the process. Trapezoids symbolize the inputs and outputs, with the red

trapezoids denoting the real data that remains constant across all scenarios.

simulating phenotypic data for the stress condition (P̂s) using a normal distribution function. In

the second step, synthetic expression data is generated using the CoSynthEx model. This step

incorporates the simulated data from the previous step (P̂s), random noise (R), and the remaining

inputs derived from real data. These inputs encompass the expression data (both under control

and stress, denoted as Ec and Es, respectively), the phenotypic data under control (Pc), and the

sample condition vector (Q). It’s worth noting that these inputs, sourced from real data, remain

constant across all scenarios. The outcome of the second step includes both control and stress

synthetic expression data (Êc and Ês, respectively). Nevertheless, the objective is to maintain the

control data unaltered, so we exclusively use the synthetic expression data under stress for the

subsequent step.

The third step entails the application of the CSI-OC workflow, where the input involves real

control data (both expression and phenotypic, represented as Ec and Pc) and synthetic stress data

(both expression and phenotypic, denoted as Ês and P̂ s, respectively). The output of this workflow

consists of a set of selected genes, labeled as Isynth. To assess the significance of this gene

selection, we compare it to a set of genes randomly selected (Irand) with an equivalent cardinality.

Subsequently, both sets undergo the fourth and final step, corresponding to the computational

validation process. The result is a p-value; when this p-value falls below the significance level,
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it indicates that the genes selected by the CSI-OC workflow outperform the randomly selected

genes and the CSI-OC workflow yield meaninful results for the corresponding scenario.

6.4 Results

The framework was effectively applied to evaluate the CSI-OC workflow under a range of diverse

scenarios using synthetic data. This testing process involved several key steps. Firstly, the CoSyn-

thEx model was meticulously trained using authentic data. Subsequently, a comprehensive set of

25 distinct scenarios was systematically created. Finally, the CSI-OC workflow was tested and

evaluated in these scenarios.

Figure 6.5 illustrates the loss curves associated with the CoSynthEx cGAN components dur-

ing their training. The generator and discriminator were assessed using the Binary Cross Entropy

(BCE) loss function, spanning a total of 200 epochs. The graphs reveal valuable insights into the

training dynamics. It’s noteworthy that during the first 20 epochs (or so), the discriminator’s loss

rapidly decreases and the generator’s loss increases. This observation implies that the discrim-

inator can easily differentiate between synthetic and real samples in the early stages, while the

generator initially produces low-quality samples. However, as the training progresses, the genera-

tor’s performance improves, making it increasingly challenging for the discriminator to distinguish

between real and synthetic data. This adversarial interplay continues until the system reaches a

state of equilibrium approximately after the initial 100 epochs. At this point, a balance is achieved,

with the generator producing high-quality samples that can effectively deceive the discriminator,

which still maintains its robust performance.

In the scenario design phase, a total of 25 unique scenarios were created. Each scenario

was defined by the normal distribution parameters for stress phenotypic data, while keeping the

control data unchanged. These scenarios were constructed by dividing the range between the

mean of the real stress data (µa) and the mean of the real control data (µb) in four equal seg-

ments, resulting in five mean values for each phenotypic trait. For instance, considering a trait

z ∈ {K_shoot,BM_root,BM_shoot}, we derive µz = [µa,z = µ0,z, µ1,z, µ2,z, µ3,z, µ4,z = µb,z]. The

same process is applied to standard deviations. To facilitate subsequent handling, the means are

rearranged, yielding, for example, µ0 = [µ0,K_shoot, µ0,BM_root, µ0,BM_shoot] (and a similar arrange-

ment for standard deviations). With this organization, the different scenarios can be envisioned as

a 5 × 5 mesh, denoted as ∆, where rows correspond to means and columns represent standard
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Figure 6.5: Loss Curves of CoSynthEx cGAN Training. The graph displays the loss curves of the

CoSynthEx cGAN components during training. Binary Cross Entropy (BCE) was used as the loss

function, and the training spanned 200 epochs.

deviations. In the scenario ∆(µ0, σ0), the difference between control and stress parameters (both

in terms of mean and standard deviation) is at its maximum, resembling the real phenotypic data.

Conversely, the scenario ∆(µ4, σ4) indicates no distinction between the parameters of phenotypic

traits under control and stress conditions, representing the opposite extreme.

Figure 6.6 provides a comprehensive overview of the results obtained by running the workflow

illustrated in Figure 6.4. The aggregated findings are represented in a heatmap that describes the

scenario mesh. It consolidates 10 iterations within each of the 25 scenarios. Within this heatmap,

each cell value represents the number of times, out of the 10 iterations, in which the resulting p-

value was less than 0.05. It’s key to recall that a p-value below this significance threshold indicates

that the genes chosen by the CSI-OC workflow outperform randomly selected genes in a binary

classification task that distinguishes between control and stress samples. Performance on this

classification task determines the effectiveness or failure of the CSI-OC workflow.

Several significant patterns emerge from this heatmap analysis. The first notable pattern is the

effect of proximity to real data. Scenarios located above the secondary diagonal, closer to scenario

∆(µ0, σ0), representing the parameters of the real data, tend to yield values closer to 10. This

pattern indicates that the workflow consistently produces meaningful results when the scenarios

resemble the real data. In contrast, scenarios located below the secondary diagonal, closer to

scenario ∆(µ4, σ4), where there is no difference between the control and stress distributions of
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Figure 6.6: This heatmap summarizes the results of running the CSI-OC workflow 10 times in

each of the 25 synthetic scenarios. Each cell value represents the number of times the p-value

was less than 0.05, indicating the workflow’s effectiveness in distinguishing between control and

stress samples.

the phenotypic data, tend to result in values close to zero. This outcome suggests that the genes

selected by the CSI-OC workflow behave similarly to random genes in these scenarios.

Another interesting pattern is the impact of equal means between control and stress pheno-

typic data. This condition, represented by scenarios associated with µ4, is a critical factor influ-

encing the CSI-OC workflow’s performance. In most cases, when the phenotypic data’s means

under control and stress conditions are indistinguishable, the workflow fails to produce meaningful

results. An exception occurs in the scenario ∆(µ4, σ0), where the standard deviation difference

between control and stress phenotypic data mirrors the difference in the real data. This scenario

results in evidence that the CSI-OC workflow performs successfully.

Finally, another noteworthy pattern becomes evident in scenarios linked to σ0, where the stan-

dard deviation difference between control and stress phenotypic data precisely matches the dif-

ference in the real data. In all scenarios associated with σ0 robust evidence suggests that the

workflow performs effectively under these conditions. These scenarios consistently yield high suc-

cess rates, with nearly all values equal to 10. This pattern highlights the successful performance

of the CSI-OC workflow when the spread of phenotypic data closely mirrors the characteristics of

the real data.
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6.5 Discussion

In this chapter, we have presented a comprehensive framework for testing and validating the CSI-

OC workflow using synthetic data. This validation process is crucial for assessing the reliability

and robustness of the CSI-OC workflow when applied to real data.

Using synthetic data, we had the advantage of controlling various parameters, allowing us to

evaluate how well the workflow performs under different conditions. Phenotypic synthetic data

was simulated using a normal probability distribution, a choice supported by the behavior of real

data. However, the generation of synthetic expression data proved to be more intricate, leading to

the development of the CoSynthEx model. CoSynthEx was designed to create a more authentic

simulation of gene expression data by integrating information about phenotypic traits and sample

conditions (e.g., control and stress). This model is founded on a conditional Generative Adversarial

Network (cGAN) that trains a generator network to produce synthetic expression data while a

discriminator network distinguishes between real and synthetic data.

The loss curves of the CoSynthEx cGAN components provided valuable insights into the train-

ing dynamics. During the initial phases of training, the discriminator had the upper hand as it could

easily discern between real and synthetic samples. Meanwhile, the generator struggled to produce

high-quality samples. However, as training progressed, the generator improved its performance,

leading to an equilibrium in which it could generate convincing samples after approximately 100

epochs.

The chapter also focused on the design of scenarios. Each scenario was characterized by

the normal distribution parameters of stress phenotypic data, while the control data remained

constant. This systematic approach allowed us to assess the impact of different phenotypic data

distributions on the workflow’s performance.

Experimenting with just one scenario instead of multiple scenarios can limit the understand-

ing of the workflow’s performance under diverse conditions. Different scenarios represent diverse

distributions of phenotypic data, offering a comprehensive view of how the workflow adapts to var-

ious conditions. Exploring only one scenario limits the understanding of the workflow’s adaptability

and performance range. It might not reflect the workflow’s behavior in other scenarios, potentially

overlooking limitations or strengths present in different settings. Focusing on a single scenario can

still yield valuable insights and certain types of knowledge. For instance, assessing multiple runs

or iterations within the same scenario can provide insights into the stability or variability of results
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produced by the workflow under consistent conditions.

The scenarios differ based on the parameters used to generate synthetic data. These param-

eters include the mean (µ) and standard deviation (σ) of the phenotypic trait data under stress

conditions. Within each scenario, the key difference between the 10 iterations lies in the random

initialization and training of the CoSynthEx model, which generates synthetic expression data

based on the specified parameters of the scenario. Despite using the same parameters for mean

and standard deviation to define the scenario, each iteration involves a distinct random seed or

initialization for the CoSynthEx model, leading to variations in the generated synthetic expression

data. These variations can arise due to the stochastic nature of the training process and the in-

herent randomness involved in generating synthetic data using Generative Adversarial Networks

(GANs). As a result, each iteration may produce slightly different synthetic expression data, even

though they all correspond to the same scenario.

The heatmap representing the results of testing the workflow in various scenarios revealed

distinct patterns. Scenarios closely resembling the parameters of real data consistently produced

meaningful outcomes, with p-values less than 0.05 in nearly all 10 iterations. In contrast, scenarios

where there was no difference between control and stress phenotypic data displayed performance

similar to random gene selection. This analysis underscored the significance of phenotypic data

characteristics in determining the CSI-OC workflow’s performance. The similarity of scenario pa-

rameters to those of real data and the presence of distinct control-stress phenotypic data distribu-

tions emerged as critical factors for achieving meaningful results.

In summary, this chapter’s validation framework provides essential insights into the behavior

of the CSI-OC workflow under various conditions. The results derived from this chapter can guide

the application of the CSI-OC workflow to real datasets, aiding researchers in understanding its

limitations and strengths in different scenarios.

69



7. CSI-OC Validation in a Non-biological Con-

text

The CSI-OC workflow, as described in Chapter 3, draws inspiration from a biological context. Its

primary objective is to identify genes that play a pivotal role in a plant’s response to stress, with

the potential to become targets for enhancing plant tolerance to the corresponding stressors. To

achieve this goal, the workflow analyzes gene expression data collected under both control and

stress conditions, in a set of plant genotypes. In essence, the workflow implements network anal-

ysis to detect overlapping gene modules, providing insights into the complex regulatory networks

involved in the stress response. Additionally, it integrates phenotypic data, which provides ob-

servable traits at a more macroscopic level in plants. These traits serve as a crucial resource for

identifying genes that are likely to be integral in a plant’s response to stress.

While initially designed for biological contexts, the CSI-OC workflow holds the potential for

broader applications, transforming into a versatile analytical framework. In a more general context,

the primary objective of the CSI-OC workflow is to identify pivotal components within a system’s

response to external stressors. Stressors, in this context, encompass any factors or stimuli that

exert pressure or demands on a system, prompting an adaptive response. In a general application,

the genotypes, for which gene expression is measured, correspond to diverse samples on which

the system’s components are evaluated. Furthermore, phenotypic data in a broader context can

be viewed as observable traits or characteristics of these samples at a macro level, serving as a

valuable resource for pinpointing central components in the system’s adaptation to stressors.

To effectively implement the CSI-OC workflow in any context, certain input prerequisites must

be met. These requirements encompass the following key elements: the system under considera-

tion should consist of n components that can be systematically evaluated across a designated set

of m samples. These m samples must be amenable to assessment under both a baseline, neutral

condition referred to as “control” and a defined stress condition. Additionally, there should be a
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set of p external traits that are measured across the same set of m samples, again under both

control and stress conditions. By fulfilling these specific input criteria, the CSI-OC workflow can be

applied across diverse contexts to gain insights into system responses under varying conditions.

In this chapter the CSI-OC workflow is applied to a scenario involving a supermarket chain.

Here, the system encompasses a diverse range of products across numerous stores, with unit

sales serving as the primary metric for evaluation. The stores themselves represent the sam-

ples and the workflow can be employed to assess the response of products to varying condi-

tions. Weekdays, spanning from Monday to Thursday, can be considered the control condition,

representing typical shopping days, while weekends, from Friday to Sunday, serve as the stress

condition due to heightened customer traffic and potentially altered purchasing patterns. In this

scenario, one of the external observable traits can be the number of transactions recorded by each

store. The goal is to validate if the CSI-OC workflow can identify key products that demonstrate

varying sales patterns under the control and stress conditions. This insight can be invaluable for

inventory management, stock allocation, and marketing strategies, helping the supermarket chain

optimize its operations to meet customer demands more effectively during different shopping pe-

riods.

The application of the CSI-OC workflow in non-biological domains, as exemplified in this chap-

ter’s exploration of a supermarket chain scenario, serves as a compelling motivation for its adop-

tion. CSI-OC workflow offers a groundbreaking approach to understanding and managing complex

systems’ responses to external stressors. Traditional analyses in non-biological settings often fall

short in providing a comprehensive view of how various components within a system coordinately

react to changing conditions. The CSI-OC workflow fills this critical gap by combining gene expres-

sion data, or the equivalent in non-biological scenarios, with observable external traits to identify

central elements driving a system’s adaptation to stress. Additionally, this novel approach allows

for the exploration of overlapping relationships, which is essential for capturing the multifaceted dy-

namics of real-world networks. The result is a wealth of insights that can guide decision-making,

optimize processes, and uncover hidden patterns in fields as diverse as economics, logistics, and

social sciences.

The chapter’s structure has been designed to facilitate a comprehensive exploration of the

CSI-OC workflow’s adaptation and application, transitioning from its biological origins to a non-

biological context. The chapter begins with an introduction to the data’s source in Section 7.1,

laying the groundwork for a case study centered on a supermarket chain. Section 7.2 focuses on
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the preliminary statistical analysis, underscoring the significance of data validation for workflow

suitability. Section 7.3 delves into a detailed summary of the selected products identified through

the workflow, discussing their organization into modules, relevance to system responses, and

substantial overlap within these modules. In Section 7.4, the focus shifts to the workflow’s unique

feature, identifying overlapping modules and emphasizing the adaptability of products. Section 7.5

highlights computational validation results, demonstrating the reliability of the workflow’s outputs.

The knowledge-based evaluation of selected products, their product families, and the implications

for inventory management is covered in Section 7.6. The chapter concludes with Section 7.7,

reflecting on the workflow’s successful adaptation, utility in analyzing supermarket data, and its

potential for diverse non-biological applications.

7.1 Origin of the Data

The data employed in this chapter is publicly available on the Kaggle platform and correspond

to sales records from “Corporación Favorita” (Corporación Favorita, 2017). This Ecuador-based

grocery retailer operates an extensive network of hundreds of supermarkets, offering a wide array

of over 200 000 distinct products. In January 2018, “Corporación Favorita” challenged the Kaggle

community, granting access to the dataset with the primary objective of enhancing product sales

forecasting accuracy. In our context, we repurpose this data for an alternative purpose. To apply

the CSI-OC workflow, we selectively extract relevant data to identify key products whose inter-

actions are pertinent to the differential sales behavior during weekends. The dataset we utilize

consists of unit sales records for n0 = 4036 products, across m = 54 stores. Additionally, we

incorporate to our analysis data related to the average daily transaction counts for these same 54

stores.

It is worth noting that the products are labeled with unique ID numbers, making it impossible

to determine the specific product identity. However, the original dataset includes information on

the product family, encompassing a total of 33 distinct categories, including beverages, cleaning

products, and meats. These categories, to some extent analogous to the functional annotations

of genes, will facilitate knowledge-based analysis of the sets of interest. It serves as a proxy for

functional annotations, similar to how it works with genes in biological contexts.
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7.2 Preliminary Statistical Analysis

It is crucial to conduct statistical tests on transaction data, which is analogous to phenotypic data

in the biological context, before applying the workflow. Its importance is underscored by insights

derived from the simulations with synthetic data in the Chapter 6. The simulations revealed that

the performance of the CSI-OC workflow is significantly influenced by the characteristics of the

external traits associated with the samples. Scenarios lacking a discernible difference between

control and stress distributions in the external traits resulted in performance similar to random

selection of the key components. Therefore, conducting statistical tests on transaction data serves

as a critical preparatory step to assess the presence of distinct control-stress patterns in the data.

Figure 7.1 presents a violin plot illustrating the distribution of transaction data by store under

both control and stress conditions. Visually, the data appear to display the desired differences in

distribution. Nevertheless, this behavior should be confirmed through the relevant statistical tests.
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Figure 7.1: Violin plot illustrating the distribution of transaction data across stores under control

and stress conditions

The difference in standard deviations was validated using Levene’s test, resulting in a sig-

nificant difference (p-value < 0.05) between the standard deviations of the control and stress

conditions in the transaction data. Subsequently, a t-test, also confirmed a significant difference

(p-value < 0.05) between the means of the control and stress transaction data. Ensuring that

the transaction data exhibits these patterns enhances the likelihood of obtaining meaningful and

actionable results when applying the CSI-OC workflow.
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7.3 Summary of Selected Products

In this supermarket chain case study, the CSI-OC workflow was implemented using the Pearson-

based network construction method. This choice was made prior to considering the Lasso-based

method due to the ample sample size of 54 stores and a manageable number of products. As

a result, the workflow successfully pinpointed 51 products that exhibit relevance in response to

weekend days. These products are organized across 17 modules, each containing between 3

to 7 products. Remarkably, out of the selected genes, 42 (82%) demonstrate overlap within the

larger set of 507 identified modules. This finding underscores the meaningful contribution of these

products to the system’s response to varying conditions and external factors.

7.4 Overlapping Products Characterization

The CSI-OC workflow offers a distinctive feature in the form of identifying overlapping modules.

These modules are identified within the network constructed using the system’s components. In

the specific context of a supermarket chain, the network’s nodes represent individual products

and their connections are established based on correlations in their sales patterns. These con-

nections enable the grouping of products into various modules. Each module can be thought of

as a collection of complementary products (Avgeropoulos et al., 2015), meaning they are typically

sold separately, but are frequently used together. In this context, products that overlap between

multiple modules can be considered highly versatile. Their utility often depends on the presence of

accompanying products, highlighting their adaptability and flexibility in meeting diverse customer

needs.

After applying the CSI-OC workflow to the “Corporación Favorita” dataset, a total of 507 mod-

ules emerged from the 976 products remaining within the Pearson-based constructed network.

Among all the products in the network, 612 were assigned to at least one module, and notably,

63% of them exhibited overlap. To visualize the enrichment of overlapping products and their asso-

ciations with product families, Figure 7.2 illustrates a color bar graph. In this figure, product families

with substantial representation within the overlapping gene set are depicted. The intensity of each

bar reflects its significance as determined by an exact Fisher test, considering the products within

the network as the background set. Additionally, the black and white plot within the figure provides

an upsetplot showcasing the overlapping genes and the top 10 product families that demonstrate
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significant representation within this set.

Figure 7.2: Enrichment of overlapping products with product families. The color bar plot illustrates

the significance of product families within the overlapping products set. The upsetplot highlights

the intersections between overlapping products and the top 10 product families with the most

significant representation.

Understanding the significance of these product families can have several implications for in-

ventory and stocking decisions. Highly versatile products within these families may experience

fluctuating demand due to their associations with different modules. This knowledge can provide

guidance for inventory management to avoid both overstocking and understocking. Additionally,

the prevalence of these product families within the overlapping gene set supports market basket

analysis. This type of analysis can uncover correlations between different product categories rep-

resented in the modules, which in turn assists in making informed decisions regarding product

placement, pricing strategies, and promotional campaigns.

7.5 Computational Validation

The meaningfulness of the workflow results was assessed through a systematic comparison of

products selected by the CSI-OC workflow and randomly selected products. This computational

validation encompassed both classification and regression tasks. In the classification task, the

products chosen by the CSI-OC workflow consistently outperformed randomly selected prod-
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ucts in distinguishing between workdays (control) and weekends (stress). In the regression task,

these selected products exhibited superior predictive capabilities for store transactions. Figure 7.3

presents the performance of both sets (selected and random products) over 100 trials for both

tasks, as depicted in the boxplots. Notably, there is a substantial difference in the classification

task, with the selected products displaying higher accuracy compared to the random ones. While

the distinction in the regression task is not as pronounced, the selected products, on average,

achieved a lower Mean Squared Error (MSE), indicating their superior performance over the ran-

dom products.
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Figure 7.3: Computational validation of weekend-responsive products. (Left) Boxplots illustrat-

ing Accuracy for Classifying Workdays/Weekend Samples. (Right) Boxplots presenting the Mean

Squared Error (MSE) for Predicting Store Transactions. Both panels show a comparison between

CSI-OC selected products (in blue) and random products (in orange).

The Wilcoxon signed-rank test confirmed significant differences (p-value < 0.05) in the per-

formance medians of the selected and random products for both tasks. These results strongly

affirm the effectiveness of the CSI-OC workflow in identifying weekend-related products closely

associated with store traits, such as store transactions.

7.6 Knowledge-based Evaluation

The 51 products identified by the CSI-OC workflow were analyzed in terms of their respective prod-

uct families. Figure 7.5 visually represents all the product families associated with these selected
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products using a color bar graph. The intensity of each bar corresponds to the significance of

the product family, determined through an exact Fisher test. This analysis considers the products

within the Pearson-based network as the background set. Additionally, within the same figure, a

black and white plot is provided, showcasing the intersections between selected products and the

products belonging to product families with statistically significant representation (FDR < 0.05).

This graphical representation enhances the understanding of the relationships between selected

products and their respective product families.

Figure 7.4: Selected products enrichment and upsetplot of the product families with significant

representation.

Figure 7.5: Enrichment of CSI-OC selected products with product families. The color bar plot

illustrates the significance of product families within the weekend-responsive products set selected

by the CSI-OC workflow. The upsetplot displays intersections between selected products and the

top 10 product families with the most significant representation.

The presence of “BEVERAGES” and “BREAD/BAKERY” suggests that customers tend to pur-

chase these items during weekends, possibly for special occasions or leisure activities. Notably,

the category of “BEVERAGES” may encompass alcoholic drinks, pointing to their association with

weekend relaxation and social gatherings. Furthermore, the “GROCERY I” and “CLEANING” prod-

uct families consist of essential household items, likely in demand during weekends, highlighting

the link between weekend chores and the need for these products. Additionally, the presence of
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“LAWN AND GARDEN” and “PRODUCE” suggests that customers are inclined toward outdoor

improvements and engaging in DIY (Do It Yourself) activities during weekends. This could en-

compass tasks like tending to gardens, lawns, or carpentry projects. Meanwhile, the availability

of “PERSONAL CARE” and “HOME CARE” products indicates that customers prioritize personal

grooming and household maintenance during weekends.

These inferences highlight that the selected products belonging to these product families are

likely to cater to the specific needs and preferences of customers during weekends, which can

significantly impact store transactions. By understanding these relationships, supermarkets can

optimize their product placement, promotions, and inventory management to better serve their

customers during weekends and enhance their shopping experience.

7.7 Discussion

The adaptation of the CSI-OC workflow from its biological origins to a non-biological context has

proven to be an analytical tool. Initially designed for identifying pivotal genes in a plant’s response

to stress, the workflow has found application in the analysis of data from a supermarket chain.

Here, its primary aim was to identify pivotal products associated with differential sales patterns

during weekends.

This successful application underscores the flexibility and broad utility of the CSI-OC workflow,

which can be tailored to diverse non-biological contexts. By meeting specific input criteria, it offers

valuable insights into how a system responds to external stressors. In this case, the supermar-

ket chain scenario, where different products exhibited varying responses under weekend stress

conditions, is just one of numerous potential applications across various domains.

The application of the CSI-OC workflow to the supermarket chain context has revealed inter-

esting insights and patterns. The workflow’s capacity to identify pivotal products, comprehend

their relationships with various product families, and assess their performance under different con-

ditions presents valuable opportunities for enhancing business operations. This understanding of

how products are associated with customer behavior during weekends can enable supermarkets

to optimize product placement, promotions, and inventory management, ultimately enriching the

shopping experience for customers.

Additionally, the identification of products that overlap between multiple modules is another

interesting finding. Such products showcase remarkable versatility, as their usefulness hinges

78



7. CSI-OC IN A NON-BIOLOGICAL CONTEXT 7.7. DISCUSSION

on the presence of complementary items. In a non-biological context, the ability to effectively

identify versatile products holds the potential to guide inventory management, stock allocation, and

marketing strategies. These insights enable the supermarket chain to meet customer demands

more efficiently during various shopping periods.

Looking ahead, further enriching this analysis with information about the price and demand for

each product could facilitate cross-price elasticity of demand analysis (Avgeropoulos et al., 2015;

Capps Jr and Dharmasena, 2019). This analysis would help confirm whether products belonging

to the same module truly exhibit complementary behavior. In economic terms, complementary

products display a negative cross-elasticity of demand, meaning that as the price of one product

rises, the demand for the complementary product falls.

In summary, the results underscore the adaptive potential of the CSI-OC workflow in non-

biological contexts. Within the supermarket chain context, it presents a data-driven approach to

optimizing operations, enhancing the customer experience, and improving decision-making ef-

ficiency. This chapter not only showcases the workflow’s adaptability, but it also highlights the

potential for its application across a diverse range of non-biological domains.
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8.1 Conclusion

This dissertation has primarily focused on the development of an in-silico workflow aimed at iden-

tifying stress-responsive genes while addressing critical challenges associated with capturing the

real characteristics of the biological system. To address this objective, the Control-Stress Data

Integration with Overlapping Clustering (CSI-OC) workflow was designed and presented in Chap-

ter 3. The CSI-OC workflow serves as a comprehensive analytical framework that integrates both

gene expression and phenotypic data from control and stress conditions. One of its primary func-

tions is to capture differential gene expression information within a network, thereby facilitating a

deeper understanding of the coordinated response to stress. This workflow encompasses a series

of well-defined steps, including data pre-processing, the construction of differential co-expression

networks, the detection of overlapping gene modules, and the selection of relevant modules based

on their influence on specific phenotypic traits. Each step contributes to the overall goal of identi-

fying stress-responsive genes and unraveling their intricate role within the biological system.

In the context of biology, CSI-OC has been employed to uncover stress-responsive genes in

rice (Chapter 4) and sugarcane (Chapter 5), two essencial crop species known for their susceptibil-

ity to environmental stressors. Through the application of both Pearson-based and Lasso-based

network construction methods, in conjunction with the Hierarchical Link Clustering (HLC) algo-

rithm and Lasso selection method, the workflow unveiled genes intricately linked to specific stress

conditions. Moreover, the identification of overlapping modules highlighted their significance as

integral components within co-expression networks that govern stress responses, characterized

by a substantial representation of Transcription Factors (TFs) or TF-related annotations. The com-

putational validation of the workflow’s performance underscored its effectiveness in identifying

meaningful genes, outperforming randomly selected genes in tasks related to control/stress clas-

sification and phenotypic trait prediction. Knowledge-based evaluations validated the biological

80



8. CONCLUSION AND FUTURE WORK 8.2. FUTURE WORK

relevance of the CSI-OC selected genes. The findings open up opportunities for the discovery of

novel genes associated with stress responses, shedding light on the intricate mechanisms gov-

erning plant resilience to a variety of stressors. The understanding of this mechanisms can yield

immediate benefits in the realm of agriculture, potentially leading to increased crop yields and sus-

tainability. Furthermore, it may facilitate the development of stress-tolerant crop varieties, aligning

with the global pursuit of food security and environmental resilience.

The validation of the CSI-OC workflow using synthetic data, presented in Chapter 6, served

to reinforce its robustness and reliability. This synthetic data testing enabled controlled experi-

ments, clearly demonstrating that meaningful results can be achieved, especially when scenarios

exhibit significant differences between the normal parameters of control and stress phenotypic

data. This comprehensive validation framework offered valuable insights into how the CSI-OC

workflow behaves under varying conditions, providing guidance for its practical application to real-

world datasets. Additionally, the development of the CoSynthEx model has provided an invaluable

tool for generating synthetic gene expression data that is tailored to specific phenotypic traits and

sample conditions.

Furthermore, the adaptability of the CSI-OC workflow extends beyond its original biological

context. By applying the workflow to a non-biological domain, specifically to a supermarket chain

setting, the workflow has demonstrated its versatility and broad applicability in Chapter 7. It identi-

fied pivotal products associated with differential sales patterns during weekends, which may facili-

tate data-driven decision-making in business operations. While the case study in the supermarket

chain represents an initial exploration of the application in a non-biological context, further in-

depth validation and research are needed to fully ascertain its potential and effectiveness in such

diverse fields. Nevertheless, the adaptability of CSI-OC beyond the real of biology broadens its

utility and opens doors to applications in various domains, having the potential to make a valuable

contribution to the wider scientific community.

8.2 Future Work

One avenue for future work involves extending CSI-OC to incorporate a broader range of data

types beyond gene expression and phenotypic data. While the current workflow effectively inte-

grates these two crucial data sources, biological systems are complex, and integrating additional

types of data can provide a more comprehensive understanding of the underlying mechanisms.
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For instance, incorporating epigenetic data, such as DNA methylation and histone modification

patterns, could shed light on how stress-responsive genes are regulated at the epigenetic level.

By adding metabolomic data, it is possible to explore the metabolic pathways and small molecule

interactions involved in stress responses. Furthermore, incorporating proteomic data could help

identify key proteins that mediate stress responses. The integration of multi-omics data would

enable a more holistic view of the molecular processes involved in stress adaptation. This future

work would involve extending the CSI-OC workflow to handle diverse data types effectively, de-

veloping methodologies for data integration, and providing a more comprehensive analysis of the

biological system.

Expanding the application of the CSI-OC workflow to organisms beyond plants and a broader

spectrum of stress conditions is another promising avenue for future research. While this thesis

focused on stress responses in plants, particularly rice and sugarcane, stress responses are per-

vasive in various organisms, including humans. Diseases such as cancer can be viewed as a form

of stress on human cells, prompting changes in gene expression patterns and signaling path-

ways. Adapting the CSI-OC workflow to analyze stress-responsive genes in humans and other

organisms could have profound implications for understanding the molecular basis of diseases

and identifying potential therapeutic targets. Moreover, exploring different types of environmen-

tal stressors, such as heat stress or pathogen attacks, in various organisms would enhance the

applicability and generalizability of the workflow. Future work would involve customizing the work-

flow to accommodate different organisms and types of stress, while also considering the unique

characteristics of the data generated in each context.

While this research provided a preliminary exploration of the CSI-OC workflow’s application in

a non-biological context, there is ample room for more in-depth research in this area. Specifically,

applying the workflow to non-biological contexts beyond the supermarket chain case study would

expand its utility. Other non-biological domains, such as finance, social sciences, and engineering,

can benefit from the analytical capabilities of the CSI-OC workflow. Future work involves conduct-

ing detailed case studies and extensive validations in these non-biological contexts to gauge the

performance, robustness, and adaptability of the workflow more comprehensively. This entails

developing domain-specific adaptations and understanding how the workflow can effectively ad-

dress the unique challenges and questions posed by each field. Ultimately, exploring the CSI-OC

workflow’s potential in diverse non-biological domains would contribute to its broader impact on

data-driven decision-making and knowledge discovery outside the realm of biology.
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Nomenclature

Gene names

cc_00001481 Sugarcane gene. Gene related to transcription regulation and responses to stress

and stimuli (Surya Krishna et al., 2023).

cc_00002124 Sugarcane gene. Encodes for a GNAT (N-acetyltransferase GNAT)-related protein,

associated with drought tolerance in sorghum (Devnarain et al., 2019; Das et al., 2021).

cc_00006300 Sugarcane gene. Knottin motif, associated with enhanced immunity in plants and

defense against biotic stress (Tavormina et al., 2015; Zhang et al., 2023).

cc_00008263 Sugarcane gene. Encodes for an Argonaute protein (AGO1), implicated in dehy-

dration and RNA silencing (Cui et al., 2020; Tang et al., 2023).

cc_00027902 Sugarcane gene. MLO-like protein, potentially involved in stress response (Contil-

iani et al., 2023).

LOC_Os04g12530 Rice gene that reported as an up-regulated gene in rice plants tolerant to salt

stress (Razzaque et al., 2019).

LOC_Os04g35010 Rice gene that encodes a protein from the bHLH domain, which has been

shown to be part of multiple cellular processes, including salt stress signaling pathways (Qian

et al., 2021).

LOC_Os12g10280 Rice gene that encodes an aquaporin nodulin 26-like intrinsic membrane (NIP3;5)

protein (Hsieh et al., 2018); it has been shown that NIPs play an important role in salt stress

responses and in maintaining plant water balance (Kapilan et al., 2018).

LOC_Os12g27254 Rice gene that encodes spermidine hydroxycinnamoyltransferase 2 (SHT2)

protein. This protein contributes to the natural variation of spermidine-based phenolamides
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in rice cultivars, whose activity promotes tolerance to saline stress (Bassard et al., 2010;

Roychoudhury et al., 2011; Gupta et al., 2013; Peng et al., 2019).

LOC_Os12g37260 Rice gene that encodes Lipoxygenase protein, which is considered to corre-

late directly with salt tolerance in rice (Mittova et al., 2002; Mostofa et al., 2015; Hou et al.,

2015).

Math variables

αz Weights representing module importance in Lasso regression.

β Value to power the correlation of the genes to produce a higher similarity with a scale-free

network.

βi Weights representing gene importance in Lasso regression.

∆ Synthetic scenario parameters.

ℓ1 L1 norm corresponding to the sum of the absolute vector values.

Â Final Differential Co-expression Network (DCN) after removing isolated nodes.

Êc Synthetic gene expression data under control conditions.

Ês Synthetic gene expression data under stress conditions.

P̂s Synthetic phenotypic data under stress conditions.

λ Regularization parameter in Lasso regression.

D Discriminator neural network in Generative Adversarial Networks (GANs).

G Generator neural network in Generative Adversarial Networks (GANs).

µ Mean of stress phenotypic data.

µz Mean values for each phenotypic trait.

σ Standard deviation of stress phenotypic data.

σz Standard deviation values for each phenotypic trait.

A Unweighted and symmetric adjacency matrix.
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B Matrix of coefficients in Lasso-based Differential Co-expression Network (DCN) construc-

tion.

c Number of modules detected in the Differential Co-expression Network (DCN).

D Partition density of links in a hierarchical clustering dendrogram.

D0 Matrix combining control and stress expression data before normalization.

D1 Normalized expression data matrix.

D2 Normalized expression matrix after averaging biological and gene replicates.

D3 Normalized expression matrix after removing genes with low variance or expression.

E Set of unordered pair of vertices within a graph.

Eℓ Log Fold Change (LFC) matrix for expression data.

Ec Gene expression data under control conditions.

Es Gene expression data under stress conditions.

Ereal Real gene expression data.

Esynth Synthetic gene expression data.

F Affiliation matrix indicating the membership of genes within modules.

I Set of the union of the genes that belong to the final selected modules, also called stress-

responsive genes.

Irand Set of randomly selected genes.

Isynth Set of selected genes by the CSI-OC workflow.

M Matrix of eigengenes representing modules.

mec Number of control samples.

mes Number of stress samples.

N Number of nodes in the Differential Co-expression Network (DCN).
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n0 Original number of genes.

n1 Reduced number of unique genes after averaging replicates.

n2 Number of genes after removing low-variance or low-expression ones.

n3 Final gene pool size after filtering low variance in the differential expression patterns.

n4 Reduced gene pool size after constructing Differential Co-expression Network (DCN).

P Phenotypic trait data.

p Number of phenotypic traits.

Pc Phenotypic traits measured under control conditions.

Ps Phenotypic traits measured under stress conditions.

Q Sample condition information.

R Random noise data.

r Number of replicates

S Similarity matrix in Pearson-based Differential Co-expression Network (DCN) construction.

V Set of vertices within a graph.

W Weighted and scale-free adjacency matrix in Pearson-based Differential Co-expression

Network (DCN) construction.

X Log Fold Change (LFC) matrix for expression data after removing genes with low variance.

Y Log Fold Change (LFC) matrix for phenotypic data.

z Index representing a specific phenotypic trait.
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