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Abstract

This dissertation focuses on the pressing issue of climate change and its impact on agricultural yield.

Crop species, particularly polyploids, present challenges when investigating these effects. To overcome

these challenges, our research centres on Arabidopsis thaliana, known for genes homologous to those

linked to crop yield, found in various crops like wheat, rice, and tomato, contributing to similar traits and

enhancing tolerance to adverse conditions. Furthermore, prior studies have revealed connections between

these yield-associated genes and flowering genes in Arabidopsis.

The primary aim of this study is to improve the predictive power of Arabidopsis’s flowering time in

response to variations in ambient temperature by harnessing the potential of integrated machine learning

and mechanistic modelling techniques. Synergizing machine learning’s data-driven pattern recognition

with mechanistic modelling’s knowledge-based causal understanding enhances predictability and deepens

our understanding of plant responses to temperature.

To achieve this goal, we employ three methods: Biological Network Integration using Convolutions

(BIONIC), Python-based Weighted Gene Correlation Network Analysis (PyWGCNA), and Bioinformatics Ap-

proach to Describe Dynamical Activations of a Dimension-reduced Arabidopsis Network (BADDADAN), for

the robust detection of gene modules, the inference of relationships between module expression and rel-

evant traits, as well as the mathematical formulation of found regulatory interactions. This endeavour

is further strengthened by validating these relationships through Gene Set Enrichment Analysis (GSEA),

ensuring a coherent functional grouping of modules within biologically relevant processes.

Our research uncovers 14 modules that exhibit significant associations with temperature. Notably, five

of these modules are intricately linked to the flowering process, while two modules exhibit dual associations

with cold response and flowering regulation. This work deepens our understanding of how temperature

influences the regulatory interactions within Arabidopsis, offering valuable insights into the influence of

climate on plant development.

Keywords machine learning, mechanistic modelling, climate change, Arabidopsis thaliana, tempera-

ture stress, flowering time
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Resumo

Esta dissertação foca-se na questão das alterações climáticas e o seu impacto no rendimento agrícola.

Espécies de culturas agrícolas, particularmente poliploides, desafiam a investigação desses efeitos. Para

superar estas dificuldades, este estudo centra-se na Arabidopsis thaliana, conhecida pelos genes homól-

ogos aos associados ao rendimento, encontrados em culturas como o trigo, o arroz e o tomate, que

contribuem para características semelhantes e melhoram a tolerância a condições adversas. Estudos

anteriores revelam também ligações entre genes associados ao rendimento e à floração na Arabidopsis.

O principal objetivo deste estudo é aprimorar a capacidade preditiva do tempo de floração da Arabidop-

sis em resposta a variações na temperatura ambiente, explorando o potencial da integração de técnicas

de aprendizagem automática e modelação mecanística. A combinação da capacidade de reconhecimento

de padrões da aprendizagem automática com a compreensão causal da modelação mecanística melhora

a previsibilidade e aprofunda a nossa compreensão das respostas das plantas à temperatura.

Este estudo recorre a três métodos: Biological Network Integration using Convolutions (BIONIC),

Python-based Weighted Gene Correlation Network Analysis (PyWGCNA), e Bioinformatics Approach to

Describe Dynamical Activations of a Dimension-reduced Arabidopsis Network (BADDADAN), para dete-

tar módulos de genes, inferir associações entre a expressão de módulos e características relevantes, e a

formulação matemática de interações regulatórias. Esta abordagem é consolidada através de Gene Set

Enrichment Analysis (GSEA), assegurando o agrupamento funcional dos módulos em processos biologi-

camente relevantes.

Os resultados revelaram 14 módulos de genes que demonstram associações significativas com a tem-

peratura. Cinco destes ligados ao processo de floração, enquanto dois módulos apresentam uma dupla

associação com a resposta ao frio e a regulação da floração. Este trabalho aprofunda o nosso conhec-

imento sobre como a temperatura influencia as interações regulatórias na Arabidopsis, proporcionando

perspetivas valiosas em relação à influência do clima no desenvolvimento da planta.

Palavras-chave aprendizagem automática, modelação mecanística, alterações climáticas, Arabidop-

sis thaliana, stress térmico, tempo de floração
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Chapter 1

Introduction

1.1 Context and Motivation

Plants are multicellular photosynthetic eukaryotic organisms contained within the Plantae kingdom Adl

et al. [2005], Lewis and McCourt [2004]. Their domestication is estimated to have begun between 11,000

and 7,600 before the present years, when the earliest signs of human occupation were revealed, with

the intent to produce food Piperno [2011]. Fast forward to today, plants are the main provider of human

nutrition. High-yielding cereals and other starchy staples produce a large energy source, protecting sensible

communities against starvation Mathers [2006], Sands et al. [2009].

A Food and Agriculture Organization of the United Nations (FAO) 2007 report states that only 3.5% of the

total global land area is not affected by any environmental constraint Van Velthuizen [2007]. Environmental

constraints include a variety of factors such as drought, anoxia, soil salinity, low and high temperatures,

and low and high light exposure. When cultivated in any of these adverse environmental conditions,

plants are exposed to abiotic stress that disrupts the normal functioning of physiological and biochemical

pathways, inhibiting growth and crop yield Cramer et al. [2011], Sreenivasulu et al. [2007]. The effect of

these stressors is expected to be aggravated by climate change, amplifying agriculture losses Minhas et al.

[2017].

In the last 50 years, food production underwent an accentuated growth yet global food demand contin-

ues to increase. This is correlated with the continuous growth of the global population, higher consumption

levels, and rising incomes Godfray et al. [2010], Von Braun [2007]. It is estimated that food demand will

increase by 50% before 2030 Bruinsma [2017]. This issue combined with the current and predicted state

of climate conditions has a high impact on worldwide agricultural production, posing a serious threat to

the security of the global food supply Mittler et al. [2010], Wheeler and Von Braun [2013]. A 2013 In-

tergovernmental Panel on Climate Change (IPCC) report estimated temperature increases in the range

of 0.8 to 4.8ºC until the end of the twenty-first century Change [2013]. These projections are expected
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to strongly impact plant survival, resulting in biodiversity loss Noble et al. [2014], Thuiller et al. [2005],

Quint et al. [2016]. There are already reported cases of species loss where plants are unable to adjust

the flowering-time response to increased temperatures Willis et al. [2008]. All of this data supports the

following 2014 IPCC report that proposes the development of new crop varieties as one of the needs for

adaptation to climate change Noble et al. [2014].

Flowering is a crucial stage of development in the plant life cycle. It occurs when a plant transitions

from vegetative growth to a reproductive stage and its timing is the primary determinant of successful

sexual reproduction, affecting seed number and dispersion. This phenomenon is regulated by genetic

and molecular networks that integrate environmental and endogenous signals to induce flowering when

conditions are optimal Craufurd and Wheeler [2009], Srikanth and Schmid [2011], Leal Valentim et al.

[2015]. Additionally, alterations to growth and development stages are a natural response of plants to

daily and seasonal temperature variations, a process designated as thermomorphogenesis. As such,

these organisms are highly sensitive to thermal fluctuations Gil and Park [2019], Quint et al. [2016].

Arabidopsis thaliana (Arabidopsis) is a small flowering plant of the mustard family that is described

to be an excellent model organism in Systems Biology for researching plant genetic, metabolic, proteinic,

and developmental research, due to its small genome composed of five chromosomes that facilitated an

extensive molecular comprehension Zachgo et al. [1996], Meinke et al. [1998], Wienkoop et al. [2010].

Over the years, the combined efforts of the research community produced a vast amount of diversified

information that has been scattered in different resources and sometimes duplicated, limiting its access

Meinke et al. [1998]. However, there has been a recent focus on combining and integrating all relevant data

in context-specific databases and catalogues including The Arabidopsis Information Resource (TAIR) Rhee

et al. [2003], Munich Information Center for Protein Sequences Arabidopsis thaliana database (MAtDB)

Schoof et al. [2004], Flowering Interactive Database (FLOR-ID) Bouché et al. [2016], AraPheno Seren et al.

[2016] and Arabidopsis thaliana database Genome-wide association studies (AraGWAS) Togninalli et al.

[2018].

The flower transition process has been extensively studied in model organisms. The genetic analysis

of mutant phenotypes of Arabidopsis thaliana in different environmental settings Weigel and Glazebrook

[2008], Koornneef et al. [1991], Zhang et al. [2003], Michaels et al. [2004], Michaels [2009] combined

with molecular biology analysis of genetic and molecular interactions He and Amasino [2005], Bäurle and

Dean [2006], Tsuji et al. [2008] has allowed a clear identification and functional characterization of key

genes involved in flowering and the regulatory pathways involved in the integration of developmental and

environmental signals to induce flowering Jung and Müller [2009], Craufurd and Wheeler [2009]. Despite
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these advances, the effect of temperature in these regulatory interactions is still understudied Craufurd

and Wheeler [2009]. Recent data availability and new advances in Systems Biology approaches for plant

omics have allowed an improvement in the analysis of plant-climate interactions, deriving knowledge on

regulatory mechanisms of plants’ response to abiotic stress Parmesan and Hanley [2015], Sreenivasulu

et al. [2007]. The application of transcriptomics, more specifically gene expression data, enables the

construction of biological networks through the identification of key genes and gene-gene interactions

in regulatory networks Cramer et al. [2011]. These interactions are reported to have a varying rate of

false positives and negatives, hence network integration methods emerged to address data limitations

by resorting to algorithms that accurately identify biological modules through pattern recognition in gene

interactions Mitra et al. [2013], Forster et al. [2022].

The improvement of Heat Stress (HS) tolerance and climate resistance in plants requires a compre-

hensive understanding of the stress response and regulatory interactions happening between the different

compartments, at different levels of organization, in different spatio-temporal scales, and their impact

on the whole-plant system Mittler et al. [2010], Chew et al. [2014]. This knowledge is achieved by Sys-

tems Biology approaches that model the functional interactions between the inner components Chew et al.

[2014]. These models are implemented quantitatively, most commonly through Ordinary Differential Equa-

tion (ODE), that express time-dependent changes to simulate and predict the dynamics of plant behaviour,

deriving a meaningful mechanistic and biological understanding of how interacting components regulate

response to the surrounding environment Chew et al. [2014], Kitano [2002], Iyengar [2009], Seydel et al.

[2022].

There has been an effort to develop quantitative models of the effect of temperature and HS in flower-

ing regulation Hadley et al. [1983, 1984], Brewster [1994], Adams et al. [1997], Kinmonth-Schultz et al.

[2018]. However, the reported models are simple, only regarding the effect of temperature on metabolic

and reproductive development rate. More recent attempts resort to Neural Networks to support the accu-

rate quantitative prediction of the effect of temperature in plant development Elizondo et al. [1992], Welch

et al. [2003]. However, this approach presents a major limitation as the obtained model is trained for

the specific initial conditions it was given, requiring a large amount of data to reach the desired level of

generalization Legaard et al. [2021]. As such, there is still a need for improved simulations of the diverse

temperature responses, particularly to stressful climate conditions, to correctly predict the flowering time

for a wide range of environments Craufurd and Wheeler [2009].

With increasingly large data sets and experimental alternatives, integrating classic mathematical mod-

elling approaches with Artificial Intelligence (AI) techniques improves the predictability power of the bio-
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logical hypotheses at test, due to their effectiveness in data analysis, clustering, and trend detection. This

combination can also limit scalability problems while optimizing context-appropriate parameter estimation.

Nonetheless, when modelling within the biology scope it is important to avoid ’black-box’ approaches. De-

spite limiting algorithm choice, it guarantees that both biological and physical laws are not disregarded

and that the attained mechanistic insights are biologically meaningful Lopatkin and Collins [2020], Baker

et al. [2018].

1.2 Research Objectives

The core objective of this dissertation is to synergize both Machine Learning (ML) and mechanistic mod-

eling techniques, aiming to deepen our understanding of how plants respond to variations in ambient

temperature. This process involves expanding upon an existing model for Arabidopsis thaliana relevant to

the regulation of flowering time Leal Valentim et al. [2015].

To effectively address this research question, we set out to accomplish the following scientific and

computational tasks:

• Compilation of a data inventory: Aggregating existing data and knowledge concerning Ara-

bidopsis thaliana’s response to variations in ambient temperature, with a specific focus on gene

expression levels and regulatory interactions.

• Revision and expansion ofMachine-Learning techniques: Enhancing available MLmethods

to (1) extract gene modules linked to the plant’s response to temperature stress and (2) predict the

regulatory interactions among these gene modules.

• Mathematical formulation of Gene Regulatory Network (GRN)s: Formulate modules

within GRN and their regulatory interactions as ODEs.

• Integration of derived functions: Incorporating the derived functions into the existing model

for Arabidopsis thaliana to enhance its capability to predict flowering time in response to varying

ambient temperature conditions.

These tasks collectively contribute to the overarching goal of this research, which is to improve our

understanding of how plants, particularly Arabidopsis thaliana, adapt to changes in temperature, ultimately

facilitating more accurate predictions of flowering time in response to varying environmental conditions.
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1.3 Report Overview

The present dissertation is organized into three parts and five chapters, structured as follows:

• Chapter 1: Introduction: Explores the background, motivation and relevance of the research

in the context of plant-climate interactions and temperature-mediated responses. Followed by the

description of the specific research objectives set out to address the research problem. Finally, it

provides a concise overview of the entire dissertation’s structure and contents.

• Chapter 2: State of the Art: Explores various key topics central to this project, including plant-

climate interactions, the model plant Arabidopsis thaliana, integrated mechanistic modeling, and

the integration of ML techniques with mechanistic modeling.

• Chapter 3: Methodology: Provides an in-depth examination of data collection methods and

sources, offering insights into the selected approaches and workflow for the module-detection and

mechanistic modelling methodologies.

• Chapter 4: Results and Discussion: Presents key attained results, showcasing the gene mod-

ules extracted from different methods, their relevance to relevant biological processes, and a de-

tailed comparison. The chapter introduces inferred regulatory interactions and ODE formulation. It

concludes with validation efforts to affirm the biological significance of the findings.

• Chapter 5: Conclusions and Future Work: Summarizes the main conclusions derived from

the research, highlighting key findings and implications. Discusses potential directions for future

research and areas of improvement, building on the dissertation’s contributions.

• Appendix A: Details of Results: Contains results that are crucial for the primary findings and

conclusions but are presented separately to maintain the main text’s readability.

• Appendix B: Support Work: Comprises supplementary data that, while not integral to the pri-

mary findings and conclusions, enhances the reader’s comprehension of the research.
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Chapter 2

State of the Art

2.1 Plant-climate Interactions

2.1.1 Background

Agriculture sustains the global population by providing food and other essential raw materials through crop

production Harris and Fuller [2014]. Crops are a collection of growing plants that interact with each other

and the surrounding environment. They are grown with an economic intention that is reliant on their quan-

titative production, designated as yield. To optimize the supply, farmers often manipulate environmental

conditions and plant strain, selecting the more advantageous combination Forbes et al. [1992]. However,

climate change presents new challenges beyond farmers’ traditional methods to increase crop productivity

Singh and Singh [2017].

While natural processes also contribute to the concentration of greenhouse gases in the atmosphere,

anthropogenic activities are the primary driver of climate change with most of the global pattern of warming

being observed in the last 50 years Solomon et al. [2007]. One of the main ways that climate change

affects agriculture is through changes in temperature and precipitation patterns. Higher temperatures

can lead to drought and HS, which can reduce crop yields, while extreme weather events such as floods

and storms can damage crops and disrupt farming operations Porter et al. [2014], Craufurd and Wheeler

[2009]. Previous studies have reported a 5 to 10% decrease in wheat yield per 1 ºC increase in ambient

temperature Craufurd and Wheeler [2009], Wheeler et al. [1996], Mitchell et al. [1993]. This is especially

significant when intense climate variations occur in key developmental and growth stages, in particular

the maturing of reproductive organs and sinks, like fruit and seeds. Mittler et al. [2010], Porter and

Semenov [2005], Craufurd and Wheeler [2009]. Several studies have shown that global warming is

responsible for changes in the timing of plant events such as flowering and leafing, as well as changes

in the geographical distribution of plants Bertin [2008], Kelly and Goulden [2008]. Although rising levels
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of atmospheric Carbon Dioxide (CO2) are expected to promote an increase in yield, the combined effect

of high temperatures could limit or even revert this occurrence. These environmental conditions are also

expected to alter the nutritional content of some crops. Crops grown in higher CO2 concentrations are

less nutritious and are reported to have a 10-15% reduction in protein content Mittler et al. [2010], Taub

et al. [2008].

Besides being responsible for food security, medicinal plants also play an important role in the pharma-

ceutical and biomedicinal industry due to their bioactive compounds exploited in drug discovery Balunas

and Kinghorn [2005], Thatoi and Patra [2011]. Hence, recent research has been concentrated on identi-

fying key sensors and regulators in stress adaptation to better regulate flowering time and improve abiotic

stress tolerance Mittler et al. [2010]. Due to the scope of this study, the following section will be entirely

focused on the plant’s response to temperature among the different environmental factors.

2.1.2 Temperature-mediated Plant Responses

Plants are poikilothermic organisms whose internal temperature varies in accordance with the temperature

in their immediate surroundings Körner [2006]. In addition, they are also sessile, meaning that they are

unable to move and must endure and adapt to the conditions of their environment Morison and Morecroft

[2008], Hatfield and Prueger [2015]. Hence these organisms are highly sensitive to variation in ambient

temperature as it greatly impacts their growth, development, and morphology Sriden and Charoensawan

[2022], Quint et al. [2016]. When these fluctuations are below the stress-inducing level, the shape and

organization of the plant can sustain transformations that allow for better acclimation and adaptation. This

process is designated as thermomorphogenisis Casal and Balasubramanian [2019], Quint et al. [2016],

Crawford et al. [2012]. For example, when exposed to warmer temperatures, the air space between

plant tissues increases, improving airflow and efficient leaf cooling through evaporation. On the contrary,

thermal injury is provoked by extreme cold or hot temperatures that are responsible for injuries and even

death of plants Forbes et al. [1992].

Every species has its particular temperature range, with a minimum, maximum, and optimal tempera-

ture at which it performs best Hatfield and Prueger [2015]. The model plant Arabidopsis thaliana is widely

distributed with its ecotypes being found in varying growth environments. As such, these have genetic

variations that provide them with the ability to tolerate various abiotic stresses and allow for better survival

and adaptation to different environmental factors Hasdai et al. [2006]. With regards to temperature, the

optimal range for this species is set between 21 and 22 °C, while temperatures between 27 and 28 °C are

considered high and stressful. The temperatures between 28 and 37 °C are considered to be heat shock
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temperatures, which can be harmful to the plant Li et al. [2018]. Despite these thresholds only differing

by a few degrees, the morphological responses can be very contrasting. Effectively, warmer temperatures

generally promote plant growth, by accelerating early flowering, increasing root growth, and inhibiting seed

production, despite increasing susceptibility to pathogen infection; whilst heat shock drives cellular dam-

ages that trigger stress-responsive pathways, leading to changes such as slowed or inhibited root and shoot

growth and decreased seed and pollen germination that reduces plant fertility Li et al. [2018], Sriden and

Charoensawan [2022]. Colder temperatures also have an adverse effect on plants, hindering their growth

and development due to reduced enzymatic activity and biochemical reactions. Temperatures around 14

ºC are considered chilling, while temperatures between 6ºC and 0 ºC are cold. In this ambient, plants

have a delayed flowering time, longer inflorescence, reduced concentration of chlorophyll, and increased

anthocyanin content. Temperatures below 0 ºC are regarded as freezing and are associated with a higher

degree of damage caused by ice formation in the intercellular spaces that result in osmotic dehydration

Hasdai et al. [2006], Thomashow [1999].

To survive and thrive under different environmental stresses, plants have developed complex transcrip-

tional regulatory networks that control the expression of temperature-dependent genes that lead to plant

acclimation Mittler et al. [2010]. This process involves multiple signal transduction pathways that are acti-

vated by signalling mechanisms, some of which have been previously described Nakashima et al. [2009],

Xiong et al. [2002]. The expression of target genes is controlled by specific trans-acting proteins known

as Transcription Factors TF that bind to cis-acting elements. These cis-elements are located in the pro-

moter regions of genes and are considered the main regulators of the rate of transcription Mehrotra et al.

[2011], Yamaguchi-Shinozaki and Shinozaki [2006, 2005]. These TFs include the Dehydration Responsive

Element-Binding (DREB) 1/C-repeat-Binding Factor (CBF) and the Multiprotein Bridging Factor 1c (MBF1c)

protein, involved in the cold and HS response in Arabidopsis thaliana, respectively Mittler et al. [2010],

Nakashima et al. [2009], Suzuki et al. [2011], Yamaguchi-Shinozaki and Shinozaki [2005]. DREB 1/CBF

is encoded by three genes (DREB1B/CBF1, DREB1A/CBF3, and DREB1C/CBF2) and is responsible for

controlling the expression of more than 40 transcripts by binding specific cis-acting elements, such as the

Dehydration Responsive Elements (DREs) and the C-repeat element, to their promoter regions Nakashima

et al. [2009], Yamaguchi-Shinozaki and Shinozaki [2005]. The MBF1c is a transcriptional co-activator

also encoded by three genes (MBF1c1a, b, and c) and controls 36 different transcripts that include HSF

and the DREB2 protein Suzuki et al. [2011]. While it was only associated with drought and salt stress,

it was recently reported that the DREB2A protein is an active regulator of the HS response, inducing the

expression of HSF when overexpressed Sakuma et al. [2006], Schramm et al. [2008].
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These regulatory systems are activated through thermosensing mechanisms and modulated by

temperature-sensitive genes in signalling cascades that activate multiple responsive pathways. The prod-

ucts of these genes employ (1) tolerance mechanisms that increase the expression of osmoprotectants,

ion transporters, regulatory proteins, and antioxidants; and (2) signal transduction pathways that control

gene expression Ambrosino et al. [2020], Hasanuzzaman et al. [2013], Dai Vu et al. [2019], Nakashima

et al. [2009], Yamaguchi-Shinozaki and Shinozaki [2006]. The alteration of gene expression patterns is

achieved through the action of chromatin-remodelling enzymes in regulatory regions that modify the state

of chromatin to either an ”open” state, activating transcription, or a ”closed” state, repressing transcription

Mlynárová et al. [2007].

Thermosensing mechanisms and modulators are still understudied in plants. However, it is known

that the red light Phytochrome B (PhyB), among other light sensors, plays a crucial role in perceiving

temperature changes and its intrinsic role in light signalling Jung et al. [2016]. The processes governed by

thermomorphogenisis happen mostly at night and are driven by the Phytochrome-interacting Factor (PIF)4

Jung et al. [2016], Sriden and Charoensawan [2022]. The activity of this transcription factor is regulated

by phytochromes, namely, PhyB Delker et al. [2022]. An increase in ambient temperature stimulates the

transformation of active PhyB into its inactive Pr form, decreasing the repression of the transcription factor

PIF4. On the contrary, the active PhyB form suppresses the activity of PIF4 by promoting its breakdown

through phosphorylation Delker et al. [2022]. Calcium channels, like the Cyclic Nucleotide-gated Calcium

Channel 2 in Arabidopsis, also act as a primary thermosensor that combined with phytochrome signalling,

activates cascade signalling and promotes the production of HSF such as the Heat Shock Factor A1 Nishad

and Nandi [2021], Sriden and Charoensawan [2022]. Similar mechanisms occur in chilling and cold

temperatures. The transcription of the CBF or the DREB1 is induced in these temperature ranges, both

being responsible for the response to cold stress and tolerance to dehydration through the activation of

cold-responsive Cold-responsive (COR) genes like COR15a and COR78 Stockinger et al. [1997], Sriden

and Charoensawan [2022]. In freezing conditions, the Cold-responsive Protein Kinase 1 phosphorylates

14-3-3 proteins, destabilizing the CBF transcriptor factor to avoid an exaggerated cold-stress response Guo

et al. [2018].

In addition to membranes and membrane proteins, recent research has also recognized other po-

tential thermosensory mechanisms such as the remodelling of chromatin structures and the Ribonucleic

acid (RNA) secondary structures Dai Vu et al. [2019]. Histone 2A.Z (H2A.Z) is a variant of the Histone

2A histone that when present at higher quantities near the initiation site decreases that gene’s expression

level. This phenomenon occurs due to this histone’s ability to condense Deoxyribonucleic acid (DNA), re-

9



sulting in difficulted access to RNA polymerase II, inhibiting transcription. H2A.Z-containing nucleosomes

demonstrate thermosensitivity as it is reported that they have different reactions to temperature variation,

thermally regulating the transcriptome Sakamoto and Kimura [2018], Kumar and Wigge [2010]. Increases

in temperatures decrease H2A.Z content in nucleosomes, promoting the transcription of thermosensitive

genes Lorenzo et al. [2016]. Within the PIF family, PIF7 has been identified as an RNA-mediated ther-

mosensor. When exposed to warmer environments, the conformation of a hairpin structure found in the

5’ region of its transcript is altered, resulting in improved translation efficacy and, thus, increased protein

levels. As PIF7 forms a heterodimer with PIF4, it collaborates in the regulation of genes associated with

thermomorphogenisis Chung et al. [2020], Delker et al. [2022], Dai Vu et al. [2019]. Alternative splicing is

also reported to have a crucial role in the thermosensory flowering response Dai Vu et al. [2019]. The alter-

native splicing of Flowering Locus M (FLM), a known flowering inhibitor, is a temperature-dependent that

produces two antagonistic isoforms, Flowering Locus M-β (FLM-β) and Flowering Locus M-δ (FLM-δ), re-

sponsible for triggering different temperature responses for the flowering transition Scortecci et al. [2003],

Sureshkumar et al. [2016], Pose et al. [2013], Zhang et al. [2003]. The integration of these signalling

mechanisms in the regulation of flowering time will be better described later in section 2.2.3.

2.1.3 Plant-climate Interaction Data

Microarray and RNA sequencing technology allow for the simultaneous analysis of the expression levels

of thousands of genes, enabling the identification of stress-induced genes associated with plant acclima-

tion and abiotic stress tolerance Nakashima et al. [2009], Mittler et al. [2010], Seki et al. [2002], Kreps

et al. [2002]. The availability of high-throughput omic data obtained from next-generation technologies

has facilitated the comprehensive evaluation and comparison of gene expression datasets, elucidating

the complex regulatory systems of the transcriptional response to abiotic stressors Sriden and Charoen-

sawan [2022], Yamaguchi-Shinozaki and Shinozaki [2005]. However, it’s worth noting that the majority of

available datasets are focused on the analysis of paired differential gene expression (stressful versus non-

stressful condition) with limited time points, highlighting the need for greater efforts to attain high-resolution

temporal data that can better capture the dynamic regulation of genes in response to environmental factors

Gehan et al. [2015].

Plant transcriptomic information can be obtained from a variety of databases such as the National

Center for Biotechnology Information (NCBI), the Gene Expression Omnibus (GEO) database Barrett et al.

[2010] and the ArrayExpress Athar et al. [2019], that function as archives for a high volume of genomic

data retrieved from several plant species. These and similar databases have integrated a multitude of
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profiling experiments performed under different environmental conditions that allow for the detection of

similar expression patterns and gene-gene interactions.

Several public databases are solely composed of information regarding Arabidopsis, concentrating

research efforts and limiting data duplication. These include The Arabidopsis Information Resource (TAIR)

Rhee et al. [2003], Munich Information Center for Protein Sequences Arabidopsis thaliana database

(MAtDB) Schoof et al. [2004], Flowering Interactive Database (FLOR-ID) Bouché et al. [2016], AraPheno

Seren et al. [2016] and Arabidopsis thaliana database Genome-wide association studies Togninalli et al.

[2018], among others. As of 2020, there were over 20 000 RNA-seq libraries solely performed on Arabidop-

sis thaliana Zhang et al. [2020]. Single-cell RNA sequencing has the potential to improve understanding

of GRNs in plants as it allows for the characterization of the molecular regulatory mechanisms associ-

ated with plant resistance in different cell types and their states Tripathi and Wilkins [2021], Rhee et al.

[2019]. Despite this, the majority of the performed studies until now have been focused on developmental

processes with a few focused on Arabidopsis root cells Zhang et al. [2019], Ryu et al. [2019].

For this particular study, it is crucial to collect gene expression data under different ambient tempera-

tures, especially regarding stress-inducing ones, with information on the flowering time, to infer gene-gene

interactions associated with the regulatory response to temperature changes.

2.2 Arabidopsis thaliana

2.2.1 Model Plant and Translational Crop Improvement

Arabidopsis thaliana is a small flowering weed from the Brassicaceae family Zachgo et al. [1996], Sivasub-

ramanian et al. [2015]. Since its proposal as a model organism, it has proven its significance in the study

of plant biology research by contributing to the understanding of basic molecular mechanisms and the

identification of key genes in fundamental processes Zachgo et al. [1996], Nelissen et al. [2014]. Due to

its small genome size of approximately 125 Megabytes and a high proportion of repetitive sequences, this

plant was selected as the organism of choice for the first plant genome sequencing project Page and Gross-

niklaus [2002], Sivasubramanian et al. [2015]. Arabidopsis is also self-pollinating and of compact size,

with a short life cycle, a small number of chromosomes, and a well-annotated genome Korwin Krukowski

et al. [2020], Sivasubramanian et al. [2015]. When compared to important crops, usually polyploids, its

genome size can be three to 100 times smaller Sivasubramanian et al. [2015]. Despite not having any

practical economic value, its characteristics have made it an ideal research subject, as the attained knowl-

edge can be translated to more economically important crops, improving food security Korwin Krukowski
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et al. [2020], Nelissen et al. [2014].

This process is known as plant translational research and can be described as the application of funda-

mental molecular understanding to improve agronomic crops Jacob et al. [2018]. As previously described,

plants can adapt to alternations in their surrounding environment through physiological alterations that re-

sult in a decrease in yield. The majority of studies performed on the regulatory mechanisms associated

with the abiotic stress response have been applied to Arabidopsis thaliana Dresselhaus and Hückelhoven

[2018], Feuillet et al. [2011], Ferrier et al. [2011]. As such, key agronomic genes identified in Arabidopsis

thaliana can either be directly used in commercial crops or be presumed as candidate genes for the discov-

ery of ortholog genes Feuillet et al. [2011]. Despite efforts to domesticate and select crop strains over the

years, which have affected both gene and network functions, key regulatory mechanisms responsible for

controlling crucial processes such as plant growth, development, and stress tolerance can be conserved

across different plant species, especially among eukaryotes Goldman et al. [2010], Gan et al. [2021]. It

is commonly agreed upon by the scientific community that there should be a bigger focus on narrowing

the gap between research on plant models and important crops to improve crop performance in real-world

conditions Nelissen et al. [2014]. However, this progress has been pushed back by inherent variations in

plant structure and behaviour Korwin Krukowski et al. [2020].

The direct comparative analysis of crop genomes with model plants, like Arabidopsis, accelerates

the identification process of the different and conserved mechanisms between species and their ortholog

genes Feuillet et al. [2011], Andrés and Coupland [2012]. For instance, the genome sequencing techniques

enhanced for Arabidopsis have been streamlined for Oryza sativa (rice), speeding up the development of

crop yield and stress tolerance Rensink and Buell [2004]. Translational biology has been known for its

most successful advances in improving yield and stress tolerance in crops following the identification of

candidate genes from Arabidopsis. In particular, CBFs identified in the model plant are also expressed in

major economic crops such as Triticum aestivum (wheat), Secale cereale (rice), Glycine max (soybean),

Zea mays (corn), Solanum lycopersicum (tomato) and Solanum tuberosum (potato), improving tolerance

for freezing, salt, drought stressors Century et al. [2008], Zhang et al. [2004]. Additionally, the identifi-

cation of the ortholog ZmNF-YB2 TF in maize through the comparison of the AtNF-YB1 TF in Arabidop-

sis thaliana also improved drought tolerance in the crop, after application of whole-plant transformation

methods Nelson et al. [2007]. These transformations are made possible by Agrobacterium tumefaciens

mediated approaches that resort to transfer DNA to insert mutations in cells Chang et al. [1994], Ferrier

et al. [2011], Meinke et al. [1998].

The flowering time regulatory network has been thoroughly studied in Arabidopsis Leal Valentim et al.
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[2015], Leijten et al. [2018]. This research is also relevant in providing target genes for increasing crop

yield, as genes that influence this trait are homologs of flowering-controlling genes in Arabidopsis Kor-

win Krukowski et al. [2020]. For example, the identification of SlARF7 in tomato, an Auxin Response

Factor (ARF) associated with the regulation of fruit formation, through the Arabidopsis homolog ARF7, as-

sociated with flowering regulation, allowed the transformation of the crop fruit with a mutated allele of ARF8

that resulted in increased fruit yield Ariizumi et al. [2013], Goetz et al. [2007]. However, the translation of

this knowledge is still restricted for the majority of crops Leijten et al. [2018].

2.2.2 Flowering-time Integration Network

Flowering in a plant marks the transition from a vegetative state to a reproductive state, a key developmental

stage in its life cycle Chailakhyan [1968], Hill and Li [2016]. The timing of this phenomenon is determinant

for its reproductive success as it affects seed number Leal Valentim et al. [2015], Craufurd and Wheeler

[2009]. Being a crucial trait for plant survival, it is highly sensitive to environmental cues. This process

is reported to be more sensitive to environmental conditions than any other relevant agricultural trait Hill

and Li [2016]. The regulation of the onset of flowering also coordinates with endogenous signalling and

internal developmental programming to ensure it occurs in the most favourable conditions Hill and Li

[2016], Leijten et al. [2018]. Among all environmental conditions, the temperature is the most critical one,

especially when considering the current state of global warming Craufurd and Wheeler [2009], Leijten

et al. [2018].

Previous studies have revealed that warmer temperatures are associated with early flowering and plant

maturing, accompanying a reduced yield Wheeler et al. [1996], Mitchell et al. [1993]. In the context of

agriculture, the production of engineered crops with improved abiotic stress tolerance and predictability in

flowering time would assure high-yield production throughout the year and in varied environmental settings,

increasing profits and security in food demand Jung and Müller [2009], Andrés and Coupland [2012]. The

ability to control flowering time would facilitate production, harvest, and commercialization management,

as this process also affects the quality and taste of the produce Leijten et al. [2018].

To effectively control this process it is necessary to take into account that every plant species has

different varying optimal conditions for flowering due to their differently evolved regulation and response

mechanisms Andrés and Coupland [2012], Srikanth and Schmid [2011]. For Arabidopsis thaliana it has

been asserted that six core GRNs converge to the floral integrator genes, responsible for integrating the

endogenous and exogenous cues to trigger flowering: the vernalization pathway, the autonomous pathway,

the photoperiod/circadian clock pathway, gibberellin pathway, the ambient temperature pathway and the
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age pathway (Figure 1) Srikanth and Schmid [2011], Fornara et al. [2010], Leijten et al. [2018], Leal Valen-

tim et al. [2015]. Due to this project’s scope, we will focus on the floral integration network, the ambient

temperature, and vernalization regulatory pathways.

Figure 1: Flowering time regulatory pathways associated with temperature in Arabidopsis thaliana, adapted

from Leijten et al. [2018]. The ambient temperature pathway is represented in orange and the vernalization

pathway is in blue. The colour purple identifies the main floral integrators, Flowering Locus T (FT) and

Suppressor of Overexpression of Constans 1 (SOC1); whereas the colour yellow portrays the inflorescence

meristem identity genes, Apetala 1 (AP1) and Leafy (LFY). Genes crucial to the pathway are depicted as

squared boxes, while boxes with rounded corners represent multiple genes/complexes. Arrows denote

positive regulation (black) or negative regulation (red T-ends).

Three primary genes are involved in the integration of signalling pathways to regulate the flowering

onset. These are the Suppressor of Overexpression of Constans 1 (SOC1), and Leafy (LFY) Moon et al.

[2005]. Flowering Locus T (FT) is widely conserved among plant species and is reported to be the main

regulator of flowering time, integrating environmental cues. It is formed at the leaves, being transported

through the phloem to promote flowering at the Shoot Apex (SA) Abe et al. [2005], Wigge et al. [2005], Liu

et al. [2012]. As such, FT is designated as a mobile signal, due to its spatial mobility Jang et al. [2009]. The

transcription factor FD is expressed at the SA and integrates temporal and spatial information, mediating

the FT transportation Wigge et al. [2005]. FT and FD are also interdependent antagonists where FD

promotes the initiation of flowering while positively regulating SOC1 and Apetala 1 (AP1); whereas FT

delays flowering Yoo et al. [2005].

Short Vegetative Phase (SVP) and SOC1 are TFs that belong to the Minichrome Maintenance 1, Aga-
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mous, Deficiens, Serum Response Factor (MADS) family, a group of four genes involved in the regulation

of the developmental processes of flowering Becker and Theißen [2003]. The SVP TF represses the activity

of FT and SOC1 through its interaction with Flowering Locus C (FLC), another TF of the MADS-box family.

Both SVP and FLC are shown to have a repressing role in the flowering of Arabidopsis Li et al. [2008],

Helliwell et al. [2006], Jang et al. [2009], Hartmann et al. [2000]. The SOC1 TF has a crucial role in

transmitting the outcome of multiple flowering-time signal transduction pathways to LFY through its direct

binding to the gene’s regulatory sequences Lee et al. [2008], Immink et al. [2012]. When overexpressed,

SOC1 and Agamous-Like 24 (AGL24), another MADS-box TF with a reported role in the promotion of flow-

ering, upregulate each other’s expression. This evidence suggests that SOC1 and AGL24 operate as a

protein complex Michaels et al. [2003], Lee et al. [2008].

The first step involved in the induction of the flowering process is the activation of floral meristem

identity genes where the shoot apical meristem is transformed into an inflorescence meristem. However,

in Arabidopsis, the use of this term is inaccurate as the flower primordia are formed from a non-specialized

bract, designated as a rudimentary bract Kwiatkowska [2008], Long and Barton [2000]. The transforma-

tion to a floral meristem is induced by AP1, whose expression is upregulated through a positive feedback

loop interaction with LFY. The initial expression of AP1 is responsible for the initiation of the floral primor-

dia and is later on involved in the development of sepals and petals Weigel et al. [1992], Kaufmann et al.

[2010], Alejandra Mandel et al. [1992].

2.2.3 Temperature Regulation

As reiterated throughout this report, plants display a sensitive responsiveness to the environmental temper-

ature that is particular to each species’ adaptation process and majorly influences its flowering time. These

organisms understand seasonal changes through the accumulation of signalling molecules Sakamoto and

Kimura [2018], He et al. [2020], Ding et al. [2020], such as the ones mentioned in the section 2.1.2.

The flowering time response is widely varying for the different Arabidopsis thaliana accessions. For some

varieties, the natural variation of ambient temperature they experience while in vegetative growth is enough

to trigger the flowering process; whereas, for others, it is necessary to be exposed to a prolonged period

of cold temperatures to be able to flower Leijten et al. [2018], Alonso-Blanco and Koornneef [2000]. This

last phenomenon is designated as vernalization and it is commonly described as a long-term seasonal

consequence of low temperatures Sakamoto and Kimura [2018].
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Ambient Temperature Pathway

The ambient temperature pathway regulates flowering time according to variations in the plant’s surround-

ing temperature (Figure 2) Leijten et al. [2018]. In comparison with other regulatory networks, the molec-

ular mechanisms associated with the ambient temperature response and their respective interactions are

still poorly understood Verhage et al. [2014], Srikanth and Schmid [2011], Leijten et al. [2018]. Despite

this, two reported key regulators in this pathway are the SVP and the FLC gene Leijten et al. [2018]. These

two floral repressors constantly interact during the plant’s vegetative growth, acting co-dependently in its

flowering regulation Li et al. [2008]. In lower temperature variations, SVP and FLC bind to the CArG motifs

of floral activator genes FT and SOC1’s promoter region, decreasing their expression levels and repressing

early flowering Lee et al. [2007]. This regulation mechanism also involves two isoform regulators men-

tioned in section 2.1.2, the FLM-β and FLM-δ. These isoforms interact with the SVP protein forming the

SVP–FLM-β and the SVP–FLM-δ complexes. At lower temperatures the SVP–FLM-β complex binds to

DNA to repress flowering initiation; whereas the SVP–FLM-δ complex prevents flowering at higher temper-

atures Pose et al. [2013], Zhao et al. [2022]. Additionally, the miR156, a micro RNA (miRNA), aids in the

repression of FT and delay of flowering time Capovilla et al. [2015], Kim et al. [2012].

The rise of ambient temperature results in the degradation of the SVP protein. In this scenario, SVP–

FLM-δ, described as a dominant negative mutation of FLM due to its role in the disruption of MADS-box

TF’s functions, is responsible for the increase in FT and SOC1 transcription levels Capovilla et al. [2015].

The miR172, a miRNA with an inversely-correlated expression relation with miR156, is also an activator

of FT and promoter of flowering time Verhage et al. [2014], Capovilla et al. [2015]. A gradual increase

in temperature is also associated with a decrease in H2A.Z occupancy in nucleosomes of FT’s promoter

regions. This modification results in increased accessibility of FT’s promoter binding site to PIF4, activating

its transcription Kumar and Wigge [2010], Capovilla et al. [2015], Verhage et al. [2014].

Vernalization Pathway

Vernalization allows plants to flower when prolonged cold exposure occurs during the winter period, en-

abling them to blossom once favourable conditions arise Chouard [1960]. It also reinforces cold accli-

mation, improving the plant’s tolerance to freezing temperatures Lee et al. [2007]. While being mainly

observed in winter accessions of Arabidopsis, it is not an exclusive trait, occurring facultatively in other

accessions with varying degrees of cold sensitivity Leijten et al. [2018]. This regulatory network (Figure

1) has a central mechanism associated with FLC, where flowering onset is promoted after a period of

cold temperature through constant repression of its transcription Lutz et al. [2015], Sheldon et al. [2000].
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Figure 2: Regulatory mechanisms controlling the flowering transition according to ambient temperature in

Arabidopsis thaliana. The figure displays the suppression mechanisms on the left and activation mecha-

nisms on the right. a) At high temperatures, the Histone 2A.Z (H2A.Z) is removed from the nucleosome

allowing the activator Phytochrome-interacting Factor (PIF)4 to bind to the genes that trigger flowering. b)

At low temperatures, the Short Vegetative Phase (SVP)–Flowering Locus M-β (FLM-β) complex binds to

Deoxyribonucleic acid (DNA) to suppress flowering. This repression is overcome at higher temperatures

through the formation of SVP–FLM-δ complexes and degradation of the SVP protein, resulting in the ac-

tivation of flowering. c) Representation of the miR172’s suppressing effect at low temperatures and the

miR156’s activating effect at high temperatures. Adapted from Verhage et al. [2014]

This process is assured by chromatin level repression that includes histone modification by the activity of

tree genes: VERNALIZATION1, VERNALIZATION2, and VERNALIZATION INSENSITIVE3 Lee et al. [2007],

Leijten et al. [2018]. Additionally, Cold Assisted Intronic Noncoding RNA, a noncoding RNA from FLC, is

also involved in his repression Sakamoto and Kimura [2018], Heo and Sung [2011].

In winter plant accessions, FLC expression levels are maintained at a high level due to Frigida positive

regulation, ensuring that these plants do not flower prematurely Balasubramanian et al. [2006], Michaels

and Amasino [1999]. The repression of flowering is also supported by the previously described activity of

SVP–FLM-β and MADS Affecting Flowering2-4. MADS Affecting Flowering2 is said to prevent the activation

of the vernalization pathway when plants are exposed to a short interval of cold temperatures, acting as a

floral repressor Ratcliffe et al. [2003].
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2.3 Integrated Mechanistic Modelling

2.3.1 Background

In the last few years, the progression of experimental methodologies used in the field of molecular biology

has resulted in an immense volume of high-throughput quantitative data Lopatkin and Collins [2020],

Kitano [2002]. However, the translation of this wealth of data into meaningful biological mechanistic

knowledge is a challenging task as it requires extensive quantitative analysis Lopatkin and Collins [2020].

The emergence of the Bioinformatics field has facilitated these analyses through the use of computational

techniques Luscombe et al. [2001]. This is especially true when regarding the study of complex regulatory

networks where Systems Biology techniques have aided in the identification of new regulators, target genes,

and interaction pathways to better understand the behaviour of plants and their functional relationships

established between individual components in response to environmental cues Chew et al. [2014], Linde

et al. [2015].

This research field is known as network inference, and it relays on mathematical models to test new

hypotheses and predict the dynamics and structure of biological systems, including the structure of the

interactions between elements and their directionality Lopatkin and Collins [2020], Linde et al. [2015],

Kitano [2002]. To accomplish this, these models consider the molecular mechanisms and interactions

underlying plant’s responses through their mathematical formulation, allowing for a comprehensive rep-

resentation of the system’s behaviour Legaard et al. [2021], Baker et al. [2018], Lopatkin and Collins

[2020]. This technique allows for the precise representation of plant systems in a quantitative form that

best describes its naturally observed dynamics Lopatkin and Collins [2020]. To validate if the hypothesis

being studied is coherent with real-life observations, the range of values that the predicted input-output

variables can have to accurately capture the system is evaluated with analytical tools Baker et al. [2018].

The dynamical models used to describe the behaviour of a system can be discrete or continuous.

For discrete models, the variables representing the time and/or molecular components of the system can

only assume specific values, meaning that their state is fixed between defined points in time; whereas for

continuous models, the time and/or state variables can vary continuously and, as such, assume any value

within a range for the defined time window Lopatkin and Collins [2020]. The mathematical method cho-

sen to employ these models can vary substantially according to the purpose of the model. However, the

time-dependent variation of the concentration of the biomolecules is predominantly represented through

a system of ODEs Coen et al. [2004]. In instances where the model requires the consideration of not only
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temporal variation but also a spatial variation to describe space distribution, designated as a compartmen-

tal model, its state changes can be described as a set of Partial Differential Equations (PDE) Chew et al.

[2014].

2.3.2 Modelling Plant Regulatory Networks

A comprehensive understanding of plants’ response to the surrounding environment requires the identi-

fication and further characterization of GRNs that govern the physiological response in stress adaptation

Sun and Dinneny [2018], Moreno-Risueno et al. [2010]. The majority of the research efforts in this scope

have been applied in the model plant Arabidopsis thalina and have often been used as a framework to

study similar processes in crop species Ferrier et al. [2011], Provart et al. [2016]. These advancements

have been facilitated by increasing plant genome sequencing projects that expand transcriptome datasets

and enable network reconstruction Moreno-Risueno et al. [2010]. Modelling these networks entails es-

tablishing hierarchical relationships between molecular regulators that further deepen our knowledge of

the temporal and/or spatial mechanisms regulating complex agronomical traits and ultimately drive the

improvement of stress tolerance in plants Li et al. [2015], Sun and Dinneny [2018], Mejia-Guerra et al.

[2012], Ferrier et al. [2011].

The nature of the high-throughput data used to model GRNs can vary greatly Moreno-Risueno et al.

[2010], Nachman et al. [2004]. However, building dynamic models requires temporal transcriptional data

to depict the temporal behaviour of genes of interest. As mentioned in section 2.1.3, this data includes time-

course expression data obtained from experimental techniques such as microarrays and next-generation

sequencing. Assimilating gene functionality is often performed experimentally through phenotype exami-

nation of loss-of-function mutants. Such mutants are induced through insertional knockout mutations that

when performed under various environmental settings, provide valuable insights into the gene roles under-

lying the plant’s response to environmental cues Tran et al. [2007]. Interacting genes and regulators can

also be deducted through the analysis of correlated expression levels present in the data. Genes exhibiting

similar expression patterns, described as co-expressed, are likely triggered by identical regulatory mech-

anisms and, as such, may be functionally related Jen et al. [2006], Li et al. [2015]. These networks are

known as coexpression networks and despite supporting the identification of direct or indirect gene interac-

tions they have limited potential in predicting biological functions. This limitation can be overcome by the

inclusion of additional data sources that convey casual relationships by taking into account the direction-

ality of the interacting components. This data includes cis-regulatory elements, gene ontology annotation,

and TF-binding sites Vandepoele et al. [2009], Li et al. [2015]. For instance, Chromatin Immunoprecipi-
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tation Sequencing (ChIP-seq) and DNA affinity purification sequencing and other related techniques can

identify TF-binding sites on a genome-wide scale, allowing for a better understanding of GRNs’ dynamics

Bartlett et al. [2017].

Despite the immense availability of experimental data, the inference of GRNs in Arabidopsis thalina still

presents itself as a challenging task. One of the reasons associated with this is its genome complexity, with

an estimated 28,000 genes, where around 2,000 are responsible to encode TFs with many others encoding

various regulators Needham et al. [2009], Ocone et al. [2015], Ferrier et al. [2011]. This genetic abundance

makes it difficult to identify interactions, limiting the understanding of their roles in the plant’s development

and response to environmental changes. Additionally, to improve the accuracy of the predictions made

by the models, a large amount of data is required. To achieve this, several different datasets must be

integrated to reach the desired level of dimensionality, However, this process can also introduce added

noise and technical variability, which can further complicate the analysis Li et al. [2015].

Regardless of these challenges, the identification of key regulatory genes involved in the developmen-

tal process in Arabidopsis has been accomplished through the reconstruction of GRNs. Some of these

processes include the circadian clock Locke et al. [2005], photoperiod regulatory network Salazar et al.

[2009], and floral organ specification Alvarez-Buylla et al. [2010], Sanchez-Corrales et al. [2010], Barrio

et al. [2010], with the control of flowering time becoming an active area of research in recent years. Efforts

to model the regulatory network involved in this crucial reproductive process have been met with success,

resulting in the identification of more than 180 genes that play a role in this process Leal Valentim et al.

[2015], Fornara et al. [2010], Higgins et al. [2010], Wellmer and Riechmann [2010].

Introducing plants’ responses to exogenous stimuli in already established developmental GRNs models

can provide valuable insights into how environmental conditions influence the transcriptional state of cells

in specific developmental stages. This can be achieved by integrating time course data from experiments

conducted under a variety of environmental conditions. This additional data not only has the power to

improve the models’ performance but also deepen the understanding of inherent gene expression dynam-

ics Dinneny et al. [2008], Leal Valentim et al. [2015]. However, despite current global warming trends,

ambient growth temperature has been widely neglected Blázquez et al. [2003].

Previous studies have tried to predict the seasonal timing of various developmental processes in plants

Chew et al. [2012]. Earlier phenology models introduced the temperature variable as thermal units Granier

et al. [2002], Gobin [2012]. This idea stemmed from the conception that the developmental rate of plants

was directly correlated with the accumulated temperature that was needed to complete developmental

processes (thermal history) Monteith [1981]. This notion was later dismissed after discovering that the
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temperature threshold that triggered flowering depended on day length, leading to the introduction of

modified photothermal units Williams [1974]. However, these models did not consider underlying ge-

netic variability until later. The integration of genetic and molecular information greatly improved models’

predictions Wilczek et al. [2009], Kinmonth-Schultz et al. [2018], Brachi et al. [2010].

To fully understand the timing of developmental stages in plants, it becomes crucial to consider the

dynamics of the genetic interactions involved in regulatory pathways to accurately predict the timing of

these processes. Despite being limited, more recent studies have started to incorporate this knowledge.

Satake et. al. (2013) constructed a predictive ODE-based model that predicted that a 4.5–5.3°C increase

in temperature would halt flowering in Arabidopsis halleri Satake et al. [2013]. However, the model had

some limitations. Not only did it not consider HS temperatures, but it also integrated a rather small number

of genes. Additionally, the use of Arabidopsis halleri can limit the application to other crop species as it

is not commonly used as a model plant. Ultimately, developing predictive models that factor in ambient

temperature regulatory networks remains challenging due to the complexity of temperature-dependent

interactions and the limited understanding of the underlying molecular mechanisms that regulate this

response in plants.

2.3.3 Ordinary Differential Equations-based Modelling

The complex genetic and mechanistic interactions that underlie cellular regulation can only be thoroughly

elucidated through the application of formal analysis methods Stelling and Gilles [2004]. Combining

mathematical and computational representations that reliably portray real-life systems enables in silico ex-

perimentation of test hypotheses and behaviour prediction that would be difficult or impossible to employ

experimentally Minorsky [2003]. To construct a mathematical model of GRNs it is necessary to consider

the model’s structure to accurately describe the dynamics of the system. This process involves the def-

inition of the rates of change over time (kinetics) and the use of experimental data for validation Stelling

and Gilles [2004]. To reduce the inherent complexity of GRNs it is possible to take into account a modular

structure where different modules act independently Wang et al. [2008]. This modularity allows for the

development of separate mathematical models using reusable functional units, improving the coherency

of network representation Lauffenburger [2000].

GRNs can be rendered through a wide variety of techniques covering graphical representations, logic

relationships, and mathematical formulation Alvarez-Buylla et al. [2007]. Among these, mathematical

modelling is one of the most popular approaches and can be accomplished by resorting to commonly

used methods such as ODEs, Boolean networks, and probabilistic graphical models including Bayesian
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networks Kotiang and Eslami [2020], Friedman et al. [2000], Lovrics et al. [2014], Ay and Arnosti [2011].

Of these, ODEs are considered to be the most widespread approach in GRNs’ modelling, due to their ability

to provide a continuous description of molecular interactions and to quantify the impact of disruptions to

gene expression levels in the system’s output Ocone et al. [2015], Polynikis et al. [2009], Leal Valentim

et al. [2015]. While the formulation for ODEs is challenging to solve analytically, numerical simulations

can be approximated with readily available computational tools. On the other hand, PDE models, which

involve multiple variables such as time and space, are theoretically complex and more computationally

demanding Ay and Arnosti [2011].

In differential equations, the interactions between the molecules of interest are described through

rate equations where the levels of each component are defined over time and/or space based on their

concentrations, production, and degradation rates Ay and Arnosti [2011]. Hill functions are a type of

mathematical function that can be used in the formulation of differential equations to model biological sys-

tems and describe the transcriptional regulation Hill [1910]. To accurately represent intrinsic interactions,

these functions are highly non-linear, and with limited availability of analytical tools to employ, simplifica-

tion methods, such as piecewise-linear approximations or discrete-time systems, have been proposed to

overcome these limitations Polynikis et al. [2009].

To illustrate the process of modelling GRNs as a system of differential equations, we can consider a

simple scenario of the production of a protein through transcription and translation Lopatkin and Collins

[2020]. This process involves the transcription of DNA into messenger RNA (mRNA) and the subsequent

translation of mRNA into protein. The rate of mRNA transcription is described by the equation:

d[mRNA]

dt
= kr − dr[mRNA] (2.1)

where kr represents the rate of mRNA transcription, [DNA] is the concentration of DNA, and dr is

the rate of mRNA degradation. The rate of protein production is described by the equation:

d[protein]

dt
= kp[mRNA]− dp[protein] (2.2)

where kp is the rate of protein translation and dp is the rate of protein degradation. These equations

describe how mRNA and protein levels change over time Lopatkin and Collins [2020].

In this example, both mRNA and protein levels will eventually maintain a constant concentration,

reaching a steady state. Since transcription typically occurs faster than translation, in case the rate of

mRNA transcription is faster than the rate of protein translation, the mRNA level can be assumed to be at

a steady state, which is described by:
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[mRNA] =
kr
dr

(2.3)

By substituting this representation into equation (2), we reach a simpler equation that describes the

constitutive production of a protein:

d[protein]

dt
= r0 − dp[protein] (2.4)

where r0 represents the lumped reaction rate for both transcription and translation, making it easier

to understand and analyze the GRN. This can be represented by a simpler reaction network, where protein

is produced at a constant rate r0 and degraded at a rate dp Lopatkin and Collins [2020].

Similarly, more complex molecular networks can be transformed into a set of differential equations, by

considering different types of transcription regulation, such as activation or inhibition, and combinations

thereof. In cases where transcription is proportional to protein levels, the concentration of a protein over

time can be described by the activation and repression equation, respectively:

d[proteinX ]

dt
= r0(

[activator]n

Kn
A + [activator]n

)− d[proteinX ] (2.5)

d[proteinX ]

dt
= r0(

Kn
R

Kn
R + [repressor]n

)− d[proteinX ] (2.6)

where r0 is the lumped production rate, n is the Hill coefficient, [activator] and [repressor] are

the activator and repressor concentrations, respectively, KA and KR are the half-maximal concentration

constants, and d is the degradation rate of protein X . This equation describes how the concentration

of protein X changes over time as a result of transcriptional regulation, which occurs either through

constitutive production, activation, or inhibition Lopatkin and Collins [2020].

Accurate model parametrization is crucial in the discovery of biological relationships, as it enhances

the interpretability of the model Lema-Perez et al. [2019]. The integration of Artificial Intelligence and

dynamical modelling approaches can help improve the reliability of parameter estimation and simplify

modelling processes through the extraction of biologically relevant parameters from large data sets. This

technology provides an algorithmic understanding of the best approach to reduce the number of parame-

ters necessary and improve the accuracy of estimates Lopatkin and Collins [2020], Thorn [2022]. As such,

combining ML with mechanistic modelling techniques can improve the accuracy of context-appropriate pa-

rameter estimation by incorporating information obtained from both raw data and derived parameters into

the modelling process.
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2.4 Machine Learning In Mechanistic Modelling

2.4.1 Machine Learning Overview

ML is a technology that enables the development of predictive models through a training experience where

useful patterns and insights are retrieved from data Camacho et al. [2018]. This field has expanded through

a wide variety of industries in a short amount of time, due to its ability to predict real-world behaviour

through the exposure of relevant input-output examples Jordan and Mitchell [2015]. To accurately perform

this task, these algorithms require a substantial volume of information whose access has been made

easier with recent data availability Baker et al. [2018].

Next-generation and high-throughput technologies have produced a large amount of biological data that

seeks to quantify molecular variables and interactions Camacho et al. [2018]. However, the complexity

of this data makes it difficult to differentiate between statistical significance and random variability in

biological relationships Lopatkin and Collins [2020]. To address these challenges, the integration of ML

approaches has become critical in the process of uncovering biologically relevant information through

mechanistic modelling problems Camacho et al. [2018], Lopatkin and Collins [2020]. Moreover, ML

provides a solution to balance accuracy and computational efficiency in the construction of data-driven

models for complex physical systems Legaard et al. [2021]. Nevertheless, the majority of biological data

is unlabeled as the functionality of many genes is still largely uncharacterized, making it challenging to

solely rely on ML for further discovery.

The process underlying these algorithms (Figure 3) is started through the pre-processing of the input

data. The given dataset is comprised of features, the measurements taken across the chosen set of sam-

ples, and labels, which are the model’s output and what it aims to predict. Then the model starts the

learning process of input-output behaviour by setting learning rules established through mathematical for-

mulas and statistical assumptions. This trained model is used to make predictions on previously unseen

data. The approach chosen to make new predictions depends on the prediction problem’s nature and

intrinsic data properties, which can either be labelled or unlabeled. If labelled, a supervised approach can

be applied for regression or classification problems; whereas an unsupervised approach is required if unla-

beled. To validate the predictions, the model needs to be exposed to new data to improve its performance

and develop new hypotheses. The learning process optimizes the parameters of the model through a

series of iterations, where parameters are estimated, model performance evaluated, and errors corrected.

The process continues until the model’s error is minimized, and performance cannot be improved further
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Camacho et al. [2018].

Figure 3: Machine-Learning workflow for the inference of regulatory interactions, adapted from Camacho

et al. [2018]. A typical machine-learning workflow involves three key steps: data pre-processing, model

training, and prediction. The input data comprises various features from multiple samples that can include

gene expression levels, protein measurements, metabolite data, and gene interaction information. The

choice of machine-learning approach depends on aspects such as the prediction task, data properties, and

whether the data is labeled or unlabeled. Unlabeled data requires unsupervised methods like Principal

Component Analysis (PCA) or hierarchical clustering, while labeled data allows for supervised approaches,

enabling the creation of predictive models for regression or classification tasks. Post-training, validation

and model refinement are essential steps to enhance prediction accuracy and generate novel biological

insights.

Combining the strengths of both ML and mechanistic modelling holds great potential for improving

our understanding of biological systems. While mechanistic models offer a comprehensive understanding

of cause and effect, ML provides the capability to make predictions based on large, complex datasets.

By combining the two, we can take advantage of the in-depth understanding of mechanistic models and

ML’s predictive power, leading to a more extensive understanding of biological processes Presnell and

Alper [2019]. This synergistic approach can be integrated at various steps, including inference of gene

regulatory networks, determination of context-specific parameters, and analysis of correlations to effectively

combine highly correlated data components.

2.4.2 Inference of Gene Regulatory Modules

Network biology is a subfield of Systems Biology that aims to improve the understanding of living cells’

underlying structures and functions by identifying and characterizing all biomolecules and their complex

interactions. The nature of these interactions varies according to the involved cell components, including

protein-protein interaction, metabolic, signalling, signal transduction, transcription, and gene regulatory

networks Barabasi and Oltvai [2004], Camacho et al. [2018]. The basic elements of these networks can
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be mathematically represented through graph theory where integral elements are represented by nodes

that are connected by edges, indicating an existing interaction De Jong [2002]. The structure formed by

the established edges is designated as the network’s topology. This representation can then be transcribed

to a matrix that reflects the presence (1) or absence (0) of an interaction, as represented in Figure 4Lucas

et al. [2011].

Figure 4: Mathematical representations of a regulatory network, through a) graph theory and b) matrix,

adapted from Lucas et al. [2011]. A network (a) can be constructed to represent genes as nodes and their

interactions as directed edges. This network can also be mathematically represented as a binary matrix

(b), where ’1’ implies the presence of an interaction and ’0’ implies its absence, reflecting a gene-gene

interaction topology. In this context, interactions represent the possibility of a direct influence from one

gene to another, whether bidirectional (for mutual influence) or unidirectional (for one-way influence).

A major challenge associated with studying these networks is the quantitative understanding of their

intrinsic topology and dynamics responsible for regulating cell behaviour under specific stimuli. Systems

Biology approaches attempt to extract these constitutive elements and fit them into hypothetical functional

networks that can characterize the dynamics of the regulatory interactions Cramer et al. [2011], Lucas et al.

[2011], Barabasi and Oltvai [2004]. This process is defined as network inference and in the model plant

Arabidopsis thaliana it is commonly performed through the analysis of co-expression data and comparison

of gene expression profiles Wei et al. [2006], Lucas et al. [2011]. However, inferring biological networks

is challenging due to the high number of possible interactions between elements, making it difficult to

accurately predict these complex systems.

The process of inferring genetic networks can be accomplished through statistical methods. Weston

et al. [2008] resorted to weighted co-expression analysis to successfully identify six genetic modules as-

sociated with the abiotic stress response in Arabidopsis thaliana. This method involves determining a

similarity matrix of gene coexpression through Pearson correlation, transforming coexpression similarities
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into connection strengths, and identifying network modules through clustering Zhang and Horvath [2005].

In contrast, Wang et al. [2022] developed a Random-Field Ising Model physics-based approach that iden-

tified disease modules through the score optimization of entire networks, instead of subgraphs, resorting

to a graph theory optimization method, the max-flow algorithm. However, while statistical methods such

as these have proven useful in constructing gene coexpression networks, they have limitations in inferring

regulatory interactions and directionality, meaning that they cannot accurately simulate the dynamics of

biological systems.

To overcome this, ML has become a crucial tool in uncovering underlying regulatory mechanisms,

allowing for extensive data analysis to extract features of interest Hiscock [2019], De Smet and Marchal

[2010], Lopatkin and Collins [2020]. In the last few years, various ML systems have been established for

the inference of GRNs Camacho et al. [2018], Hiscock [2019]. For instance, the development of general-

use platforms, such as GenePattern Reich et al. [2006], Kuehn et al. [2008] and CellNet Cahan et al.

[2014], has provided researchers with access to a wide range of algorithmic techniques for the analysis

of genomic data. For GRN inference, GenePattern Reich et al. [2006], Kuehn et al. [2008] offers two

different algorithms, Algorithm for the Reconstruction of Accurate Cellular Networks (ARACNE) Margolin

et al. [2006] and Probabilistic Neural Networks (PNN). ARACNE is an unsupervised algorithm based on in-

formation theory that allows for the reverse engineering of transcriptional networks from microarray data.

This method reported low prediction error regarding the identification of regulatory interaction in mam-

malian cells through the use of Hill kinetics Margolin et al. [2006]. Whereas PNNs are neural networks

that estimate the probability of an unknown sample belonging to a set of known classes Specht [1990].

On the other hand, CellNet Cahan et al. [2014], is a platform focused on the network biology of human

stem cells. For the reconstruction of GRNs, this platform developed a modified approach based on the

Context Likelihood of Relatedness (CLR) algorithm Faith et al. [2007]. This unsupervised algorithm uses

gene expression data of Escherichia coli measured across different conditions to identify transcriptional

regulatory interactions with a 60% true positive rate Faith et al. [2007]. In addition to these platforms,

there are also specific tools for GRN inference, such as Biological Network Integration using Convolutions

(BIONIC) Forster et al. [2022] and Beacon GRN Ni et al. [2016]. BIONIC employs both deep learning and

Graph Convolutional Network to extract features from the network structure. This approach has both unsu-

pervised and semisupervised learning modes, the last one focusing on available gene function annotations

when possible Forster et al. [2022]. In contrast, Beacon GRN is a supervised ML approach specifically

designed for predicting GRNs for the model plant Arabidopsis thaliana in seed development, allowing for

more accurate predictions in GRN inference for Arabidopsis Ni et al. [2016].
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Weighted Gene Coexpression Network Analysis (WGCNA), on the other hand, is a systems biology

approach that makes use of high-throughput microarray or RNA-seq data to provide insights on genes’

functionality at a system’s level. For this reason, this method is commonly used to identify and group

genes that are co-expressed across samples into modules Zhang and Horvath [2005], Pei et al. [2017].

WGCNA R was originally developed in R environment as a software package comprising a comprehensive

set of functions that enable its users to perform different steps of the WGCNA, such as network construc-

tion, gene selection, gene module detection and inference of topological characteristics Langfelder and

Horvath [2008]. However, the R implementation has been reported to have downfalls associated with a

slow performance and non-scalability Rezaie et al. [2023]. These setbacks become increasingly difficult to

ignore as biological datasets become larger and more complex. Additionally, the package does not allow

for the comparison of co-expression modules extracted from different WGCNA networks. PyWGCNA was

developed with the aim to aid in the identification of co-expressed gene modules from large RNA-seq data

natively in Python. The new and reportedly improved implementation performs similar tasks to WGCNA

R with a added benefit of having a faster and more scalable implementation and new functions for im-

proved downstream analysis associated with Functional Enrichment Analysis (FEA), inter-module analysis

of protein-protein interactions and comparison of co-expression modules extracted from different WGCNA

objects Rezaie et al. [2023]. The addiction of the latter, facilitates the evaluation of module reproducibility.

Despite the wide tool availability, the direct integration in network inference problems can be challeng-

ing as these methods are often tailored to their context, for instance, organism or condition-specific, with

no clear guidelines for the choice of the most fitting model De Smet and Marchal [2010]. However, the

suitability of some of these techniques can still be highlighted. ARACNE Margolin et al. [2006], for exam-

ple, is an unsupervised method with low error rates but it cannot infer the directionality in gene regulation

Sokolovska et al. [2018]. On the other hand, CLR has been reported to outperform ARACNE and other

methodologies, but its unsupervised nature does not allow for the integration of labelled data Faith et al.

[2007]. BIONIC, however, has a semi-supervised approach that enables the integration of labelled data

when available Forster et al. [2022]. This method also comprises several features that increase the accu-

racy of network inference, including automatic input weighing, the consideration of residual connections,

and the ability to learn gene features from different input networks based on multiple neighbourhood sizes,

which reduces vanishing gradients in the training process Forster et al. [2022].

Selecting the most appropriate model involves requires a multi-step approach, involving training sev-

eral relevant approaches, comparing their performance, and evaluating their scores to identify the best-

performing method. Once identified, its parameters are fine-tuned to ensure that it fits the data accurately
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and predicts the underlying biological subsystems. The obtained modules are then analyzed to assess

their plausibility. For this validation step, the inferred GRNs’ modules are measured up to observed data,

available mechanistic information, gene ontology, and annotation Hiscock [2019]. The extracted modules

can also be validated experimentally (1) in silico, through ODE modelling, (2) in vivo, by ChIP-seq assays,

and (3) in planta, though the analysis of mutant phenotypes Haque et al. [2019].

The challenge in genome-wide RNA expression analysis has shifted from acquiring expression profiles

to extracting meaningful biological insights from these analyses Subramanian et al. [2005]. Following a

modular evaluation approach, which focuses on understanding biological systems and networks through

groups of genes rather than individual genes, reduces the complexity of the statistical problem and fa-

cilitates the classification of genes into biologically relevant functional clusters Ackermann and Strimmer

[2009], Wang et al. [2008]. Enter Gene Set Enrichment Analysis (GSEA), a technique developed to assess

microarray data at a modular level Subramanian et al. [2005]. This method empowers the identification

of gene clusters associated with diseases or, in the context of this project, their activation under particu-

lar conditions Wang et al. [2008], Ackermann and Strimmer [2009], Hung et al. [2012]. Consequently,

enrichment analysis plays a crucial role in the identification of biological pathways contributing to specific

traits based on their functionality Ackermann and Strimmer [2009].

2.4.3 Integration of Machine Learning and Mechanistic Modelling

The integration of gene network information is critical for understanding the underlying mechanisms that

regulate cellular behaviour. As the amount of biological data being collected and made publicly available

grows at a rapid rate, the application of ML in data integration for mechanistic modelling is becoming

increasingly critical for effectively extracting meaningful insights. This can be achieved through processes

such as predicting the association between gene modules and model components and estimating context-

specific parameters. However, while data-driven approaches, such as statistical analysis and unsupervised

methods, play an important role in facilitating the analysis of complex biological data, it is important to

also consider incorporating knowledge about regulatory interactions through knowledge-based approaches.

The integration of both approaches allows for a more comprehensive understanding of the system and an

increase in the accuracy and robustness of the predicted networks Noor et al. [2019], Volk et al. [2020].

Some key highlights of this synergy are visually depicted in Figure 5.
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Figure 5: Illustration representing diverse input data sources and the contrasting outcomes achieved

through the use of data-driven and knowledge-driven approaches in data integration, adapted from Noor

et al. [2019]. This scheme captures how employing distinct approaches can lead to different outcomes,

ranging from prediction of relevant variables to the generation of novel hypotheses and mechanistic in-

sights. Overall, this depiction highlights the significance of integrating both approaches to deepen our

understanding of biological systems.
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Chapter 3

Methodology

Chapter 3 provides a comprehensive overview of the methodology employed throughout the project. It

is structured into four distinct subsections that explore the data collection process and employed algo-

rithms: Biological Network Integration using Convolutions (BIONIC), Python-based Weighted Gene Corre-

lation Network Analysis (PyWGCNA), and Bioinformatics Approach to Describe Dynamical Activations of a

Dimension-reduced Arabidopsis Network (BADDADAN).

The chapter starts by exploring the data collection step, elucidating the systematic approach under-

taken to search public databases on datasets that capture the dynamic expression levels of Arabidopsis

thaliana in response to varying ambient temperatures. This subsection will also delve into the key charac-

teristics of the datasets selected for further analysis and the selection process itself.

The core focus of this chapter centers on the concept, design, and implementation of the ML-based

approaches employed to identify gene modules associated with the induction of flowering time in response

to different temperatures. This section offers a thorough breakdown of the algorithms applied, providing

a clear understanding of how these approaches were used to extract valuable insights. Furthermore, all

additional changes and scripts written for this task will be covered.

3.1 Data Collection

The data collection step plays a crucial role in the extraction of gene modules that accurately describe

the gene expression dynamics across varying temperature conditions. This importance arises from the

fact that the environmental conditions and variables under which gene expression levels were measured

significantly influence the final gene modules and the biological insights derived from the analysis.

For this project, two main public databases were explored: ArrayExpress EMBL-EBI [2023] and GEO

NCBI [2023]. To reduce the research space and increase the effectiveness of the search process, sev-

eral desired data characteristics were defined and data filters were applied. For the GEO database, the
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following search query was used: ”arabidopsis thaliana”[Organism] AND (”expression profiling by high

throughput sequencing”[DataSet Type] OR ”expression profiling by array”[DataSet Type]) AND (”temper-

ature”[All fields] AND ”time”[All fields]) AND ”Flowering time”[All fields]”. Whereas, for the ArrayExpress

database, Arabidospsis thaliana was selected as our desired organism and the keywords ”flowering time

temperature” were used.

A meticulous review of these searches yielded around 80 studies that held varying levels of relevance

to the research objectives. These studies complied in an online xlsx file that organized data according to

attributes such as ’Study name’, ’Link to paper’, ’Link to data’, ’Expression analysis’, ’Genotype’, ’Descrip-

tion’, ’Age’, ’Tissue’, ’Light’, ’Time series’, ’Temperature’ and ’Ambient’. The file can be accessed through

the URL: https://1drv.ms/x/s!AmiW-IFDRrFdtgTEn5O6pj9DWMnu?e=XZYxfi. Upon careful

consideration, a strategic decision was made to work with two specific datasets, the E-MEXP-728 Bala-

subramanian et al. [2006] and the E-MEXP-1304 Michael et al. [2008]. The contents of Table 1 provide a

comprehensive overview of the specific experimental conditions underlying the datasets selected for this

study. This choice was driven by the fact that neither dataset possessed all the envisioned qualities for

the analysis. Both datasets, however, shared key attributes such as non-stressful temperature conditions

and a high-resolution collection of time points. Nevertheless, one of the datasets (E-MEXP-1304) lacked

crucial information on flowering time, while the other (E-MEXP-728) introduced an additional variable,

photoperiod changes. Consequently, the utilization of both datasets was deemed essential to facilitate a

comprehensive comparison of the gene modules extracted throughout the project.

3.2 BIONIC

Network integration plays a critical role on deepening our understanding of biological systems by elucidating

how an organism forms an integrated response to its dynamic surroundings. This response translates to

the organism phenotype and it is built upon various interacting networks that govern responses, such

as signalling, regulation and metabolic adaptation. Thus, the integration of multiple biological networks

can provide a more comprehensive understanding of how organisms adapt and respond to environmental

cues, supporting themapping of cellular functions Tenazinha and Vinga [2010], Forster et al. [2022]. These

networks can be constructed from various data types, such as gene expression data, metabolomic data,

protein-protein interactions, genetic interactions, or other relevant biological data. However, conventional

network integration methods face constraints, such as the inability to handle diverse networks and network

overlap, or they present limitations in scalability.
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Table 1: Overview of the experimental conditions within the chosen datasets, E-MEXP-728

Balasubramanian et al. [2006] and E-MEXP-1304 Michael et al. [2008]

E-MEXP-728 E-MEXP-1304

Ecotype Col-0 Col-0

Age 35 days 7 days

Tissue Shoot Apex Seedling

Light SD, LD Constant Light

Temperature 16ºC, 25ºC 12ºC, 22ºC

Time Series 0, 2, 5 and 9 days 0, 4, 8, 12, 16, 20, 24, 28, 32, 36, 40 and 44 hours

The experimental conditions for both the selected datasets, E-MEXP-728 Balasubramanian

et al. [2006] and E-MEXP-1304 Michael et al. [2008], are summarized in this table. Short

Day (SD) corresponds to an 8-hour light and 16-hour dark photoperiod cycle, while Long

Day (LD) represents a 16-hour light and 8-hour dark cycle. The E-MEXP-218 experiment

involved transitions from SD, 16ºC, to LD, 25ºC, alongside temperature variations; whereas

E-MEXP-1304 was conducted under constant light, with temperature changes occurring in

12-hour cycles (12ºC/12 hours, 22ºC/12 hours). Both experiments utilized the Affymetrix

ATH1 Genechip as a microarray technology.

BIONIC addresses these existing issues in network integration through its general and scalable Deep

Learning framework for network integration. The algorithm resorts to a GCN architeture to learn gene

features across multiple input networks that reportedly contain more functional information. As a matter

of fact, its main claim is that the features extracted from the algorithm are able to more accurately represent

the topology of the original network and, as such, have an improved performance for downstream tasks,

including the prediction of gene modules. BIONIC displays the flexibility of working with both unsupervised

and semi-supervised approaches, allowing the user more adaptability based on the availability and nature

of the data Forster et al. [2022]. All scripts developed and the results produced using this approach

can be found in a Github repository, accessible through the following url: https://github.com/

camilababo/module-dection.
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3.2.1 BIONIC’s Design and Implementation

BIONIC is a comprehensive package, organized into several key components, each serving a unique role

in network integration. These components include configuration and input files, test functions, utility

functions, command-line interface usage, outputs, the model’s build, and the training process. This

section will briefly detail the main characteristics of the model’s build and its training process. The

code is available in the developer’s Github repository, accessible through the following url: https:

//github.com/bowang-lab/BIONIC. In Figure 6, it is possible to observe a general schematic

overview of BIONIC’s unsupervised algorithm.

Figure 6: Overview of Biological Network Integration using Convolutions (BIONIC)’s unsupervised workflow,

adapted from Forster et al. [2022]. The workflow comprehends three main procedures: (a) learning and

integrating the network-specific features, (b) decoding the integrated features to assess the reconstruction

back to the original input networks, and (c) the minimization of the reconstruction error.

BIONIC’s GCN architecture is developed on a PyTorch-based neural network framework and it was

implemented to work with graph data, enabling feature learning and integration across multiple input net-

works. Within the model component, there are three modules for each main element, the model, the
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layers and the loss functions. The model module contains three classes BionicEnconder, Bionic

and BionicParallel. The BionicEnconder class enables feature extraction for the individual net-

works, taking a network as input and returning a feature matrix. One single encoder takes on multiple

parameter-sharing layers of a GCN variant, named Graph Attention Network (GAT). While the original GAT

framework operates under the assumption of binary network inputs, in the context of BIONIC, a modifica-

tion was introduced to account for a priori network edge weights. This approach was chosen as the GAT

architecture repeatedly showcases a good performance for node classification tasks due to its ability to

learn alternative edge weights, enabling the model to increase or decrease the weight of an edge based

on its importance in the reconstruction task Forbes et al. [1992]. Each layers represents the number of

directly connect genes to consider, meaning that one layer represents the immediate neighbourhood, a

second layer the second-order neighborhood and so on, facilitating the capture of local and global network

properties.

The Bionic class serves as the core component of the model, playing a central role in handling the

integration of multiple encoder modules, each corresponding to a distinct input network. The integration

process incorporates an embedding step that captures vital information while simultaneously addressing

computational efficiency. It achieves this by mapping the integrated features into a lower-dimensional

space, employing advanced dimensionality reduction techniques to optimize the computational complex-

ity of the model. Parallel processing was not employed, however, the BionicParallel efficiently dis-

tributes encoder modules across GPUs, enabling faster training and paralleled execution.

The layers module contains two classes, WGATConv and Interp. The WGATConv class builds

upon the foundation of the original GAT from the PyTorch Geometric framework. By introducing the ability

to accommodate edge weights, it profoundly influences the message-passing process. In this modified

approach, attention coefficients take into account these edge weights, allowing for a more detailed informa-

tion flow within the network. This improved consideration of edge weights leads to a thoughtful aggregation

of results from each GAT pass, ultimately giving rise to the final network-specific features. This process

is orchestrated by the Interp class, which employs a stochastic summation layer. This layer takes on

the role of introducing randomness by calculating mask vectors. These vectors, in turn, determine the

selection of random nodes contributing to the combined features. This strategic introduction of random-

ness, embodied by the notion of ”dropout”, serves as a crucial mechanism for encouraging the model

to assimilate cross-network dependencies. By design, it forces the model to rely on feature vectors from

other networks, strategically filling the gaps created by the dropped vectors. This module also contains a

stand-alone function called weighted_softmax. This function extends the PyTorch Geometric softmax
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functionality to integrate edge weights into the optimization process. These features are central to the op-

timization process, collectively ensuring an efficient training process. Together, they enhance the model’s

capacity to assimilate and learn the intricate relationships that span across multiple input networks.

Within the lossmodule, there are two custom loss functions: masked_scaled_mse and

classification_loss, each with distinct roles. The former is harnessed during unsupervised tasks,

where it calculates the Mean Squared Error (MSE) between the reconstructed network and the original input

network. This measure assesses the accuracy of the model’s reconstruction to the actual network struc-

ture, a key aspect of the learning process. In contrast, the latter emerges during semi-supervised tasks,

where it tackles the computation of a multi-label classification loss. To accomplish this, it harnesses the

PyTorch-native BCEWithLogitsLoss function, combining a Sigmoid layer with the BCELoss function

(Binary Cross Entropy (BCE)).

Lastly, the train module is responsible for the entire training process and and is designed to receive

input in the form of a configuration file in JavaScript Object Notation (JSON) format. This file empowers

users to tailor the training process to their specific needs, providing the ability to specify the network

files that should be considered, along with a range of training-specific parameters, including number

of training epochs, batch size, learning rate, and the shape of the GAT layers and embedding vector.

Upon initialization, the train module orchestrates the entire training pipeline, which comprises data

preprocessing, model setup, training, and the underlying forward pass logic. During the training phase,

the forward pass is executed using stochastic optimization techniques. It operates under the guidance

of the Adam optimizer, dedicated to minimizing the model’s reconstruction loss. The scalability of the

algorithm is enhanced through mini-batching processing of genes. This technique entails sampling and

integrating subsets of networks at each training step. Not only does this approach optimize memory usage,

but it also enhances the overall runtime, boosting the algorithm’s efficiency.

3.2.2 Data Pre-processing

For this project, the gene expression data was divided in two separate Comma-Separated Values (CSV)

files, each corresponding to different temperature conditions. Thus, one file comprised expression profiles

measured under low temperature conditions, and the other encompassed those recorded under high

temperature. This division was performed so that two separate networks could be used as input for

the BIONIC model. This approach aimed to enhance the algorithm’s capacity to potentially discern and

encode temperature-specific patterns and features in the data. As previously stated, BIONIC takes in

gene interaction networks in edgelist format as input. This implies that gene expression data needs to be
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fittingly converted to the correct format. For an edgelist file, this means that each line contains two gene

identifiers and, optionally, the weight of the edge that connects both. BIONIC accepts gene interaction

networks without edge weights, considering them binary, that is, a pair of gene is or is not connected.

However, the inclusion of edge weights allows us to more accurately inform the model on the strength of

the functional relationship between gene pairs Forster et al. [2022].

A script was developed for the purpose of pre-processing and transforming the gene expression

data into a network-ready edgelist format. It comprises two functions, pre_process_data and

data_to_edgelist, that offer flexible parameterization for a streamlined command-line execution. The

pre_process_data function removes irrelevant probes, such as control and organ-specific probes, en-

tries with missing values, and applies a log2 transformation. The pre-processed data is then saved as a new

CSV file. The data_to_edgelist function takes the pre-processed data and constructs a network us-

ing a radius-based approach from the sklearn library, the neighbors.radius_neighbors_graph.

This method creates a sparse, weighted graph by considering the nearest neighbors of data points within

a specified radius. By default, it calculates distances using the Euclidean metric and within a 0.5 radius.

This approach efficiently captures potential gene interactions from high-dimensional data while limiting

computational complexity due to its sparse graph nature. It then resorts to NetworkX, a Python library im-

plemented to sustain data structures and methods for storing graphs, to generate a network object. This

function also provides the option to include all nodes found in a user-specified node list file. This inclusion

ensures that nodes specifically relevant to the project, which might be filtered out during the radius-based

method, are preserved and accounted for in the resulting network. The final network is saved as a weighted

edgelist file.

3.2.3 Module Identification and Evaluation

The developer of the BIONIC algorithm also implemented a second package named BIONIC-evals, with

the intent to facilitate the reproduction of the evaluation of co-annotation prediction, module detection,

and gene function prediction tasks, as detailed in the original research article Forster et al. [2022]. The

library evaluates the performance of the topological feature matrix extracted from BIONIC alongside the

original input networks in the specified evaluation tasks, using established standards as benchmarks.

This enables users to accurately determine the model’s effectiveness by assessing whether the extracted

features genuinely outperform the original network representations. The standards used for evaluation of

the module detection task comprise a JSON file where each key correspond to a unique cluster identifier,

and the corresponding values for each key are a list of gene identifiers that make up that specific cluster.
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Similarly to the BIONIC functions, the different evaluations scenarios can be executed by passing in a

JSON configuration file. The file allows the user to specify of the path to input networks, extracted feature

matrix, evaluation standards and task-specific parameters such as number of samples, evaluation metrics

and linkage methods. For the evaluation of the module detection task, the methods starts by importing

the predefined module standards from the input JSON file and reducing them to include only the genes

that are common to both the standards and the data at hand, to prevent overlap. This step is essential for

calculating evaluation metrics, such as Adjusted Mutual Information (AMI) or Adjusted Rand Index (ARI).

These metrics measure the quality of clustering results, with ARI, an adjusted variant of Mutual Information,

assessing the similarity between predicted clusters and true labels; and ARI, an adjusted variant of the

Rand Index, adjusting the score for agreement occurred by chance between predicted clusters and true

labels when evaluating clustering results. ARI is preferred when the ground truth consists of large, equally-

sized clusters, while AMI is more suitable for unbalanced scenarios with small clusters Romano et al.

[2016].

The evaluation process, for both features and networks, iteratively explores the various combinations of

specified clustering methods and distance metrics outlined in the configuration file. For each combination,

it calculates the pairwise distances between features or edges in the network using the chosen metric and

proceeds with hierarchical clustering, determined by the specified method and threshold values. This

hierarchical clustering results in cluster labels, which are then compared to the ground truth labels using

the chosen evaluation metric. The goal is to identify the combination of parameters that yields the highest

score, indicating the optimal clustering solution for the given data. Additionally, BIONIC-eval incorporates

a visualization component to facilitate an intuitive interpretation of the evaluation results. The package is

available in the developer’s Github repository, accessible through the following url: https://github.

com/duncster94/BIONIC-evals.

3.3 PyWGCNA

As described in previous sections, PyWGCNA stands out as a powerful tool for the identification of co-

expressed gene modules from large RNA-seq datasets. In contrast to the original WGCNA implementation

in R, PyWGCNA offers a more efficient and scalable solution, addressing previous issues of slow per-

formance and non-scalability. Moreover, PyWGCNA has enhanced functions for downstream analysis,

introducing features like FEA, inter-module analysis of protein-protein interactions, and the ability to com-

pare co-expression modules across different WGCNA networks, thus facilitating module reproducibility
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evaluation. All scripts developed and the results produced using this approach can be found in a Github

repository, accessible through the following url: https://github.com/camilababo/pywgcna.

In Figure 7 it is possible to observe a schematic overview of the workflow used with the PyWGCNA

package. The workflow can be divided in three different main operations regarding the identification,

analysis and comparison of co-expressed modules. To carry out these operations, a Jupyter Notebook was

created and structured to include dedicated sections for each analysis step corresponding to the chosen

datasets.

Figure 7: Schematic overview of Python-based Weighted Gene Correlation Network Analysis (PyWGCNA)’s

established workflow, adapted from Rezaie et al. [2023]. The workflow comprehends three main proce-

dures: (a) the identification of the co-expression modules, (b) analysis of the predicted modules, and (c)

the comparison of the extracted co-expression modules.

3.3.1 PyWGCNA’s Design and Implementation

The package is organized in four modules: PyWGCNA.geneExp, PyWGCNA.wgcna,

PyWGCNA.comparison, and PyWGCNA.utils. The code is available in the author’s Github

repository, accessible through the following url: https://github.com/mortazavilab/PyWGCNA.

The module PyWGCNA.geneExp was implemented to facilitate the manipulation of gene expression

data in the WGCNA framework. Its core component, a class designated as GeneExp, comprehends

various methods that allow for the preparation, creation and modification of gene expression data stored

in Anndata objects, described later in the sub-section 3.3.2. The module is structured to provide users

with a clear and structured approach to tailor their data for subsequent downstream analysis. It enables

users to specify input data sources, formats, species, and data levels (gene or transcript, with ’gene’ as
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the default) when initializing the class. Moreover, it offers methods for updating both gene and sample

metadata within the Anndata object.

The module PyWGCNA.wgcna comprehends the entire framework for conducting the WGCNA anal-

ysis. It was implemented to simplify the entire process, offering a wide-range of usefull customizable

functions that facilitate the execution of the co-expression network analysis. The class automates critical

steps like pre-processing of the PyWGCNA object, hierarchical clustering, Topological Overlap Matrix (TOM)

(further detailed in Subsection 3.3.3) and adjacency matrix calculation, making WGCNA accessible to re-

searchers with varying levels of expertise. Users can specify parameters such as module size, value of

the soft power threshold, network and TOM type (“unsigned”, “signed” and “signed hybrid”, with the last

being the default option), tailoring the analysis to their specific research needs. Additionally, the class pro-

vides methods for analyzing module-trait relationships, plotting module eigengene heatmaps, performing

FEA, and retrieving gene lists associated with specific modules.

The PyWGCNA.comparison was developed to enable the comparison of gene modules across mul-

tiple PyWGCNA objects in a versatile manner. It offers functions to calculate Jaccard similarity, p-values,

and common fractions, further detailed in the section 3.3.5, that enhance the assessment of gene mod-

ule relationships efficiently by providing quantitative insights into module relationships. This class also

includes visualization functions for an eased interpretation of the comparison metrics, such as bubble

plots, heatmaps, and network representations.

At last, the PyWGCNA.utils module offers a set of helper functions to enhance the functionality

of the package. It includes methods for comparing WGCNA results with gene markers from single-cell

experiments, retrieving gene mapping information from Biomart datasets, and reading saved PyWGCNA

objects. These utilities streamline steps of data integration, annotation, and analysis process.

3.3.2 Data Pre-processing and Initialization of the PyWGCNA Object

For the PyWGCNA package, gene expression input data is expected to be organized in a tabular format,

with rows representing specific samples and columns corresponding to unique genes. It is then stored in

AnnData format, where it is also possible to integrate gene and sample metadata. Anndata is a Python

package created to serve as a bridge between pandas and xarray to improve efficiency in managing anno-

tated data matrices in memory. Its ability to organize and store learned annotations in an on-disk format

also simplifies the sharing of data and analysis results Virshup et al. [2021]. From this, a PyWGCNA object

is initiated in order to store user-defined parameters crucial for the network analysis, such as minimum

module size, cut-off for gene expression level and network type. The use of the .preprocess() function
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allows for data cleaning and pre-processing by removing low-expression genes based on a user-defined

threshold and outliers based on hierarchical clustering Rezaie et al. [2023].

3.3.3 Module Identification

In Figure 8, we can observe a schematic summary of the gene clustering workflow in PyWGCNA that leads

to module identification.

Figure 8: Schematic overview of Python-based Weighted Gene Correlation Network Analysis (PyWGCNA)’s

gene clustering workflow, adapted from Rezaie et al. [2023]. The identification of gene modules requires

several steps, such as the selection of an appropriate power for soft-thresholding the analysis of the network

topology, computation of the adjacency matrix and calculation of the Topological Overlap Matrix (TOM).

Genes are then clustered based on TOM dissimilarity and dynamically merged with similar clusters.

PyWGCNA first takes the preprocessed expression data and constructs an adjacency matrix by calcu-

lating the correlation between each pair of genes that represents the connection strength between them.

This adjacency matrix is constructed by selecting a soft-thresholding power Rezaie et al. [2023]. More

specifically, the approach performs an analysis regarding the scale free topology of the network for mul-

tiple soft-thresholding powers. A network is characterized as scale free when the distribution of links to

nodes follows a power law. By other words, this means that the growth of the network entails the addition

of new nodes to already established ones, which results in the emergence of few highly connected nodes,

assigned as hubs. As such, the majority of nodes has small amount of edges, while few nodes have a

large amount of connections Zhang and Horvath [2005], Barabási [2009]. In Figure 9 it is possible to

observe the visual difference between a random and a scale-free network.

The final network is produced by computing the TOM. The TOM is commonly used in biological net-

works to provide a measure of similarity by reflecting the relative interconnectedness of two nodes Ravasz

et al. [2002], Ye and Godzik [2004]. The calculation of the topological overlap between a pair of genes

is based in the comparison of the connections that both genes have with all other genes in the networks

Yip and Horvath [2007]. Previous reports declare that with regards to clustering gene expression pro-
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Figure 9: Visual representation and comparison of a (a) random network and (b) scale-free network. In

the latter (b), it is possible to observe the presence of highly connected nodes, commonly designated as

hubs.

files, the use of topological overlap as a dissimilarity measure contributes to more distinct and biologically

meaningful modules Ravasz et al. [2002], Zhang and Horvath [2005].

As previously stated, modules are defined as groups of genes with highly-correlated gene expression

profiles across multiple samples. In the PyWGCNA package, these modules correspond to branches of a

hierarchical clustering tree that has been cut through a variant of the dynamic tree cut approach, ’Dynamic

Hybrid’. According to the paper that reported its original implementation in R, the dynamic hybrid-tree cut

algorithm enhances the detection of outliers within each cluster by employing a bottom-up approach. The

algorithm can be described in two steps: firstly, initial clusters are assigned based on specific criteria such

as, minimum number of objects (genes), distinctness when compared to neighboring clusters, and tightly

connect cored; secondly, unassigned objects are assessed for their proximity to these initial clusters and

subsequently assigned if deemed sufficiently close Langfelder et al. [2008].

3.3.4 Downstream Analysis and Module Visualization

Following the identification of the co-expression modules it becomes crucial to better understand the as-

sociations between the grouped genes and their biological significance. To achieve this, the PyWGCNA

package includes several different downstream analysis options, such as: (1) find top hub genes within a

module; (2) compute modules’ eigengene and summarize its expression across sample traits; (3) calculate

intramodular genes’ connectivity; (4) infer the relationship between a module and a data trait; (5) retrieve

known and predicted protein-protein interactions by assessing the STRING database; and (6) perform FEA

according to databases as GO, KEGG and REACTOME via GSEApy and BioMart. For analysis of this char-

acter, the module eigengene serves as an effective representation of modules’ expression profile and it
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can be defined as the first principal component of a particular module Langfelder and Horvath [2008].

To better assess if the extracted modules were biological meaningful, two main downstream analysis

were performed for this project: (1) the inference of the module-trait relationship and (2) GSEA through

the use of gene ontology. For the module-trait relationship, the PyWGCNA package calculates the Pearson

Correlation Coefficient and the p-value between the modules’ eigengene vector and the traits that were

identified from the dataset metadata. The values can then be plotted as a heatmap that allows the user

to easily infer if the correlation between a given module and a specific trait is strong or weak. This is an

especially fitting analysis to the project’s scope as it allows to assess if the extracted modules have a high

or low correlation with relevant traits, such as temperature and flowering time. The heatmaps representing

the module-trait relationship can be observed in Section 4.1.2 of Chapter 4.

As previously mentioned, the PyWGCNA package includes a built-in function to perform FEA, however

several issues arose with the employment of functions needed to map gene IDs to gene names across

the different databases, as code implementation was focused on vertebrate genomes. Despite the initial

effort to modify the variables regarding species, dataset and server domain information in the source code

for the appropriate plant species, no enrichment terms were found for a variety of p-values when using

PyWGCNA’s internal methods. On the contrary, enrichment terms were found when opting for manual

input into the ’Term Enrichment Service’ of the AmiGO2 website, which is powered by Protein ANalysis

THrough Evolutionary Relationships (PANTHER) Carbon et al. [2009], Mi et al. [2021].

PANTHER is a tool designed to facilitate high-throughput analysis, performing functional classification

by combining information on gene function, gene ontology and pathways. For this project, the ’Statis-

tical Overrepresentation Test’ was employed. This analysis requires users to submit a list of genes to

be compared against a reference gene list with the goal to determine whether a specific class (in this

case, ’biological process’) is statistically overrepresented or underrepresented. This evaluation relies on a

statistical analysis, with Fisher’s exact test selected as the method of choice Mi et al. [2013].

To facilitate the visualization of the functional enrichment terms, a small function was implemented to

produce a bubble plot to represent the different biological processes that were present in each module,

where the bubble size represents the fold enrichment value and the bubble color is based on the p-

value. When available, fold enrichment values and p-values were extracted for the following biological

processes: ’response to abiotic stimulus’, ’response to stimulus’, ’cellular response to stimulus’, ’cellular

response to abiotic stimulus’, ’cellular response to environmental stimulus’, ’response to cold’, ’response

to temperature stimulus’, ’cold acclimation’, ’cellular response to heat’, ’response to heat’, ’regulation of

photoperiodism, flowering’, and ’regulation of timing of transition from vegetative to reproductive phase’.
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This extraction was carried out to assess the modules’ representation of these processes, which align with

the project’s scope. Specifically, fold enrichment values were collected for relevant biological processes

if they exceeded a value of one, indicating an overrepresentation of these processes in the gene set.

For biological processes with no direct relevance to this project, fold enrichment values above 50 were

selectively extracted. The results of this analysis are documented on Section 4.3, present in Chapter 4.

3.3.5 Comparison of Modules

Another critical analysis involves the comparison of extracted modules across multiple different PyWGCNA

objects. This allows users to extract modules from different expression datasets and evaluate the level

of agreement in these modules. Typically, data is collected under various environmental conditions, such

as different temperature ranges, light conditions, flowering time, and time points. By assessing if the

algorithm groups similar groups of genes together into similar modules, we can determine if there are

consistent expression patterns across diverse conditions.

This analysis is performed by computing similarity measures, such as the Jaccard similarity coefficient

and the common fraction of genes. For this project, the similarity between modules was mainly evaluated

by resorting to the Jaccard coefficient. This measure is commonly used in the comparison of similarity or

dissimilarity regarding the distance of two data points and its calculation is based on the division of the

number of objects in both clusters by the number of objects in either cluster Niwattanakul et al. [2013].

Furthermore, to determine statistical significance, p-values were calculated using Fisher’s exact test Rezaie

et al. [2023]. Similar to previous analysis, the PyWGCNA package also includes plotting functions to ease

interpretation. The comparison matrices can be plotted as a network or bubble map, with the first option

being chosen to display module similarity results for this project. This representation showcases each

module as a node, colored according to the object it belongs. If a Jaccard coefficient has a value above a

chosen threshold, an edge is established between the nodes that represent the two given modules, with its

Jaccard index printed on top. The network representations of these comparisons are available in Appendix

A and will be later detailed in Chapter 4.

Originally, the implementation of PyWGCNA allows for the comparison of PyWGCNA object and an

external gene list. While in theory this method would be greatly convenient to compare the modules

extracted with the PyWGCNA algorithm and the modules extracted from other tested algorithms, in practice

this method showed itself impractical as it did not allow to filter out non-overlapping genes in both modules.

The ability to perform the analysis with common genes only can increase interpretability of the modules’

similarity with a focus on shared characteristics. As such, a script was created to allow the comparison of
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modules identified by the different algorithms that were tested in this project.

The analytical functions, mainly the calculation of the Jaccard similarity score and common fraction,

computation of the Jaccard similarity matrix and the respective plotting, were largely derived from the

original PyWGCNA implementation. The function that allows for the comparison of multiple objects is

named create_combined_module_file and it was designed to generate a comprehensive dictionary

containing gene modules by processing data from multiple module text files. The module text files can be

extracted from the module extraction algorithm in effect and they should contain all genes of the network

space-separed by the respective module/cluster they were assigned. This implies that any number of

files could be analyzed. In this project, only one other approach was fruitful in the extraction of gene

modules, however, should the need arise to compare more than one approach, the PyWGCNA package

would present itself as a limitation. As previously mentioned, the function also provides an option to filter-

out non-overlapping genes to ensure that only those present in all files are included. This option can be

used by setting the remove_non_overlapping_genes parameter as ’True’.

The function begins by initializing data structures to store gene information and module data. It

then iterates through the input module files, extracting gene names and their assigned module. The

assumption being that each line in the files contains a gene name followed by its corresponding module

identifier. If the remove_non_overlapping_genes parameter is set to ’True’, the function identifies

common genes across all provided files, ensuring that only genes shared by all input files are considered.

Next off, the function creates DataFrame structures for the common genes, associating them with their

respective module colors. These DataFrames are organized within the dictionary, with keys representing

network or module names. At last, the function returns the compiled dictionary (self.geneModule),

which provides a consolidated view of gene modules across multiple input files and, as such, serves as a

valuable resource for further analysis and comparisons of gene modules derived from various sources.

3.4 BADDADAN

Bioinformatics Approach to Describe Dynamical Activations of a Dimension-reduced Arabidopsis Network

(BADDADAN), as the name suggests, is a method designed to analyse the dynamics of expression profiles

within Arabidopsis thaliana’s networks. This novel approach is currently being developed by Ben Noordijk,

at the Bioinformatics Group of Wageningen University & Research. It is worth noting that this method is

still in the developmental phase and has not been officially released. Consequently, the following section

will provide a brief overview of the implementation steps, recognizing that they may not entirely align with
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the final release.

Compared to previous approaches, BADDADAN offers a more comprehensive solution for analyzing

gene expression dynamics. It not only extracts gene modules from expression data but also allows for the

inference of regulatory interactions between predicted modules. This additional functionality enhances

our understanding of the underlying regulatory networks by providing insights into how genes within these

modules influence each other. Additionally, BADDADAN formulates ODEs that aim to simulate the dynamic

patterns of gene module expression levels over time, enabling users to predict how these modules will

respond under varying environmental conditions. This capability facilitates the generation of more precise

hypotheses and experimental design in plant breeding techniques. A scheme of the general workflow for

BADDADAN can be observed in Figure 10.

Figure 10: Schematic representation of the general workflow of the Bioinformatics Approach to Describe

Dynamical Activations of a Dimension-reduced Arabidopsis Network (BADDADAN) approach. The algorithm

starts by pre-processing the gene expression data. It then performs hierarchical clustering to predict gene

modules within the input data. Next, potential regulators are predicted for the extracted modules, allowing

the user to infer a Gene Regulatory Network (GRN). Lastly, the dynamics of the expression profile of each

module are mathematically formulated as Ordinary Differential Equation (ODE)s.

3.4.1 Data Pre-processing

The BADDADAN algorithm processes input data in the form of a CSV file, converting it into a pandas

Dataframe that represents a time series expression matrix. By default, the algorithm performs Log2 trans-

formation as part of its data pre-processing procedure. The Log2 transformation is particularly beneficial

for Affymetrix data, where intensities represent transcript numbers. It widens the range of genes with low-

intensity values and compresses the scale of highly intense ones, improving the algorithm’s adaptability

to diverse data patterns Archer et al. [2004].

After data normalization, the algorithm removes non-differentially expressed genes from the input

dataset by determining the variation between samples based on the user-specified method. For this project,

the chosen method was the Mean Absolute Deviation (MAD) score. As stated by previous reports, the
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MAD method has been shown to significantly enhance cluster separation by effectively representing gene

variability, a crucial aspect for clustering analysis. Rafique and Mir [2020]. The algorithm proceeds by

selecting the user-specified number of genes (’n_max’) with the highest variation scores, representing

differentially expressed genes. For this project, it was chosen to perform the analysis with only the top

2000 most deviating genes. It then subsets the dataset to retain only these highly variable genes, providing

an option to save the resulting filtered dataset.

3.4.2 Extraction of Gene Modules

The BADDADAN algorithm employs hierarchical clustering to identify genes that share similar expression

patterns and, subsequently, extract gene modules from the filtered time series expression matrix. This key

step is initiated by computing Pearson Correlation Coefficient among pairs of genes within the input expres-

sion matrix, effectively measuring the degree of similarity in their expression profiles. Next, it calculates

the distances between genes based on these correlation values. Hierarchical clustering is then applied to

this distance matrix, generating a hierarchical tree that visually represents the relationships among genes.

It’s worth emphasizing that BADDADAN, compared to the other approaches employed for this project,

is the only one that allows users to specify their desired number of modules, enhancing user customization.

For this particular project, a choice of four modules was made to simplify the formulation and simulation

of ODEs. The algorithm then proceeds to cut the hierarchical tree into discrete clusters, employing the

maximum linkage method. Each gene receives a cluster label, referred to as ’cluster_id’, depending on its

inclusion in one of the identified clusters. This feature enables users to visualize the clustering outcomes

using a clustermap, that facilitates a visual interpretation of the relationships among the different clusters.

3.4.3 Inference of GRNs

In the subsequent algorithmic step, the BADDADAN framework proceeds to generate a file that maps each

probe to its corresponding cluster ID. This file serves as a TF2Network input file, a crucial part of con-

structing GRNs. As previously stated in Section 2.2, GRNs govern various biological processes through

complex regulatory interactions between TFs and their respective target genes. Despite the substantial

efforts to experimentally map Arabidopsis thaliana GRNs, the sheer number of TFs and limited through-

put has left regulatory gaps for many genes. TF2Network has emerged as a valuable tool that takes

advantage of extensive TF binding site information to elucidate GRNs by identifying potential regulators for

co-expressed genes. With a prediction accuracy of 72-92% rate, this tool effectively addresses this chal-

lenge. The TF2Network tool generates a Tab-separated value (TAB) file, containing a comprehensive list of
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regulators and corresponding genes. This file provides valuable information on the co-expression between

input genes and predicted regulator, as well as enrichment statistics for each motif Kulkarni et al. [2018].

The workflow for the inference for GRN starts with a check to ensure the existence of the TF2Network

output file. The following step includes transforming the TAB file into a Module Regulatory Network object.

This object is designed to integrate information about TFs and modules, crucial for further downstream

analysis. The function starts by reading the TF2Network output file and then adding a module prefix to

the target gene column and a TF prefix to the predicted regulators column. This step aids in the accu-

rate identification of modules and TFs. The function specifies the regulatory relationship as ’BINDS_TO’,

signifying when a TF binds to a specific gene module. Notably, users can define a quality cutoff with

the ’nr_top_hits’ parameter, enabling the retention of a specific number of high-scoring Position Weight

Matrice (PWM). PWMs gauge the probability of a specific TF binding to a particular DNA sequence, with

higher scores indicating a stronger binding likelihood.

Additionally, the framework also includes functions to: (1) include edges that indicate what TF is

transcribed by which module by asserting its edge as ’TRANSCRIBED_BY’; (2) remove TFs and modules

that are not connected to clean up and reduce noise within the network; (3) check if a TF is regulated by a

module by verifying if the module’s mean expression has a positive correlation with the TF; and (4) assert

if each TF up or downregulates its target module. The network plotting method computes the network by

resorting to Matplotlib library, identifying TFs as blue nodes and modules as orange nodes. To reflect

the different relationships, the edges that connect the different nodes are also color-coded. The following

relationships can be identified: ’REGULATES’ as ’green’, ’BINDS_TO as ’brown’, ’TRANSCRIBED_BY’ as

’black’, ’UPREGULATES’ as ’green’, ’DOWNREGULATES’ as’red’, and ’UP_OR_DOWN’ as ’grey’. Lastly,

it is also possible to plot a module-module network. In this representation, the intermediaries of gene

regulation, TFs, are removed, allowing for an eased identification of the regulatory relationship between

modules. An example of these networks can be observed in Figure 14 of Subsection 4.1.3 of Chapter 4.

3.4.4 Formulation and Simulation of ODEs

Before moving to the construction of the ODE model based on the regulatory networks, the BADDADAN

approach first asserts if the expression data has been clustered. The next step involves the calculation

of the modules’ expression profiles over time. These profiles are structured as tuples, which consist of

time points and corresponding module expressions. This process simplifies the ODE fitting process, by

grouping similar expression profiles of clustered genes as a single equation that represents the module’s

behaviour over time. All relevant information to the ODE equations is stored under the same class that
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implements the various needed functions for ODE formulation.

One significant consideration in the modelling process is the handling of temperature variations and

their influence on gene expression. The implementation of a ’heat_end_time’ parameter was recently

introduced by Ben to improve the fitting process according to the project’s aim. This parameter can be

specified by the user and it is employed to control the transition between warm and cold conditions,

mirroring the temperature cycles observed in experimental conditions. The modelling process further

entails extracting relevant information from themodule-module network. This step encompasses specifying

regulators, and target modules, and delineating the nature of their interactions, such as activation or

inhibition.

The ODE models employed in this process primarily rely on Hill equations, sigmoid functions that de-

scribe transcriptional switchmechanisms with cooperative responses. These equations effectively illustrate

how regulators impact the gene expression of the target module, capturing both activation and inhibition

effects Radivoyevitch [2009], Hoops et al. [2016]. Furthermore, these ODE models are categorized into

two main types: linear and non-linear formulas. In the context of the BADDADAN implementation, the

key distinction lies in their formulation, where non-linear formulas account for directionality, accommodat-

ing both activation and inhibition effects. In contrast, linear formulas primarily consider the regulator’s

influence on the target module

Following the formulation of the ODE model, the BADDADAN framework moves forward to the ODE

fitting. During this step, model parameters are estimated using real data, specifically, the average module

expression levels across all time points. The approach allows the user to specify values for important

aspects, such as the number of iterations, the maximal number of fittings and the interval of possible

parameter values. The last one holds a higher significance, as it imposes constraints on the possible

parameter values of the equation to ensure a realistic biological representation. For this project, a number

of five fits, five hundred iterations and a parameter limit of 100 was chosen. A loss function is defined

to quantify the disparity between predicted and observed gene expression profiles at specific time points,

guiding the fitting process. The algorithm also allows the user to select the most fitting optimization meth-

ods. While Limited-memory Broyden–Fletcher–Goldfarb–Shanno algorithm (L-BFGS) is selected as the

default option, it also allows for the use of Broyden–Fletcher–Goldfarb–Shanno algorithm (BFGS), Differ-

ential Evolution, Basin-Hopping, and Simplicial Homology Global Optimization for different optimization

purposes. These methods are employed to determine the best-fitting parameters that minimize the loss

value.

Once all aspects of the fitting process are established, the parameters are initialized with randomly
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assigned initial values within predefined ranges. These initial values are strategically chosen to closely align

with the measured data, aiming to facilitate convergence during optimization and promote the discovery

of meaningful solutions. BADDADAN also encompasses model evaluation, which involves identifying the

best and worst-performing modules, plotting the Hill equation, and evaluating the quality of the model

fit. To enhance the robustness of parameter estimation, multiple fits are conducted simultaneously using

various starting conditions. Throughout this process, a diverse array of models is explored, allowing for an

extensive exploration of various parameter combinations. To select the most suitable model, the Bayesian

Information Criterion (BIC) is employed. The BIC enables a quantitative evaluation of various models’

performance. The goal is to identify the model that not only demonstrates a strong fit to the data but also

strikes a balance between goodness of fit and model complexity. The best-fit model is determined based

on the lowest BIC value, indicating an optimal compromise between model quality and simplicity Anderson

and Burnham [2004].
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Chapter 4

Results and Discussion

Chapter 4 of this report offers an in-depth analysis of the results achieved throughout this research, delving

into their interpretation, significance and implications for the project’s aim. This chapter is structured into

distinct sections, each dedicated to a critical aspect of the analysis. The first Section, ’Extracted Gene

Modules’ explores the modules that were extracted by each tested methodology, BIONIC, PyWGCNA, and

BADDADAN, and their association with key traits, such as flowering time and temperature to ascertain

valuable insights. Within this Section, a Subsection on ’ODE System and Simulation’ explores the utiliza-

tion of some of these modules in mechanistic modelling, simulating the modules’ expression dynamics

over time. The subsequent Section delves into the ’Analysis of Agreement in Extracted Modules’, where

similarities shared among a set of modules extracted through different methodologies are assessed. The

Chapter then progresses to a ’Gene Set Enrichment Analysis’ where we assess if the extracted modules

have an association with relevant traits.

4.1 Extracted Gene Modules

This subsection will present the modules extracted using the selected module extraction algorithms and

explore the relevant characteristics.

4.1.1 BIONIC

Let us recall that, as previously stated in Section 3.2, BIONIC is a DL-based framework designed to integrate

diverse networks. It achieves this by learning gene features that more accurately represent the original

network topology, resulting in enhanced performance in downstream tasks, such as module detection.

This approach entails a two-step procedure for our desired task, first, it involves training the DL algorithm

to obtain the integrated feature matrix, and, secondly, the employment of the BIONIC-evals package to

compare the performance of the module detection task of the original input networks and the integrated
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features by accessing the cluster agreement to the evaluation standard, according to either AMI or ARI

scores. The difference between the use of these two scores can be found in Section 3.2.3.

One of the aspects that could greatly impact this task is the chosen evaluation standards. In fact,

for the specific task at hand, predicting gene modules associated with the ambient temperature response

in the flowering time transition, there are no reported gene ontology annotations for gene complexes.

This inherently increases the difficulty and interpretability of obtained results as there are no reports of

scientifically verified complexes relevant to this task.

To allow for this analysis, two evaluation standards were created. The first one represented flowering

time clusters. Within this standard, cluster IDs correspond to specific genes associated with the flower-

ing time response as described in Flowering Interactive Database (FLOR-ID) Bouché et al. [2016]. The

constituent genes within each cluster were the genes that form the interaction network of the gene rep-

resenting that cluster-ID. The second standard involved creating clusters of annotated genes related to

keywords relevant to the project’s aim. In this context, the AmiGO2 website’s gene ontology search engine

Carbon et al. [2009] was utilized to identify genes and gene products associated with relevant gene on-

tology terms, including ’temperature’, ’cold’, ’heat’, ’flowering’, and ’flowering time’. These associations

are established through either manual curation, using published experimental or phylogenetic results, or

automated annotation tools developed by experienced curators Consortium [2015]. Here, each cluster ID

was indicative of a specific term, and the constituent genes within that cluster were genes linked to the

respective term.

The module detection task was initially tested with the E-MEXP-728 Balasubramanian et al. [2006]

dataset. The ARI scores obtained from evaluating the cluster agreement can be observed in Figure 11.

Whereas the original paper reported AMI scores from 0.3 to 0.8, depending on the used benchmark, the

ARI score attained from both evaluation standards never reached values above 0.1.

ARI is a symmetric measure, ranging from -1 to 1. A score of -1 indicates a discording community,

while a score of 1 indicates a community in complete accordance Patgiri et al. [2023]. As such, a score of

0.1 indicates a substantial discrepancy with the evaluation standard, suggesting that the clustered genes

were likely assigned randomly, rather than reflecting meaningful patterns or associations. Given that the

quality of the integrated features relies heavily on the model’s training performance, the parameters for this

procedure were adjusted. This step aimed to troubleshoot and assess whether altering these parameters

could lead to an improvement in the integrated features’ performance for the module detection task.

Initially, the process followed the default parameters outlined in the example configuration files from the

original repository. However, the retrieval of recurring low scores was a clear indicator of a persistent issue
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Figure 11: Evaluation of BIONIC’s module detection performance with the E-MEXP-728 dataset Balasub-

ramanian et al. [2006], utilizing the Adjusted Rand Index (ARI) score to measure the cluster agreement.

The figure comprises two bar plots. The left plot illustrates the similarity between modules predicted from

the original input networks for 16ºC and 25ºC, compared to the standard. The right plot demonstrates the

similarity between modules predicted from the integrated feature matrix and the standard. It is possible

to observe that the scores for both tasks do not surpass the 0.1 value.

in the clustering process. To delve deeper into the problem, the predicted modules were extracted and

analyzed. This process revealed a consistent pattern where the vast majority of genes were consistently

assigned to the same cluster.

All of the issues faced throughout the use of this approach and detailed in this Section were reported

to the developer of the tool via e-mail. This contact promoted an active discussion over produced results.

However, the provided feedback and suggested alterations did not improve any of the attained results. As

such, a final decision was made to abandon this method.

4.1.2 PyWGCNA

To revisit, the implementation of PyWGCNA intends to replicate the original R WGCNA library in a Python

environment to offer a more efficient and scalable implementation. It did so while introducing additional

functions for enhanced downstream analysis of extracted modules, including comparing module objects

and conducting functional enrichment analysis. It is important to emphasize that the PyWGCNA approach

was designed for the analysis of RNA-sequencing data, whereas the data used for this project was gen-

erated through GeneChip technology. However, the data has been effectively normalized, and thus, any

potential variances caused by variations in the data source are anticipated to have a minimal impact on

the interpretation of the insights gained.
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For the initialization of both PyWGCNA objects, a Transcripts per Million (TPM) cutoff value was de-

termined. Initially, the default value of one was employed, however, this led to the generation of a large

number of modules for both datasets. Subsequently, we iteratively adjusted these values to obtain a more

manageable number of modules for each dataset. In the case of E-MEXP-728 Balasubramanian et al.

[2006], a TPM value of six was selected, while a cutoff of seven was applied to the E-MEXP-1304 dataset

Michael et al. [2008]. The final number of extracted modules was 19 for the E-MEXP-728 and 12 for the

E-MEXP-1304 dataset. In Figure B1 and B2, present in Appendice B, it is possible to visualize a capture

of the PyWGCNA E-MEXP-728 and E-MEXP-1304 objects in a network format, respectively.

As stated in Section 3.3.4, one of the most relevant downstream analysis procedures after the module

detection step in the PyWGCNA approach is the analysis of the relationship between modules and data

traits. Figure 12 and 13 display the resulting heatmap for the E-MEXP-728 and the E-MEXP-1304 datasets,

respectively. The E-MEXP-728 possesses seven data traits: four corresponding to the organism’s age

(35, 37, 40 and 44 days), two linked to environmental conditions (temperature and photoperiod) and

one representing flowering time (leaf number). In contrast, the E-MEXP-1304 contains only one data

trait, primarily due to the consistent environmental conditions maintained throughout the experiment.

This consistency, except for cyclical temperature alterations, aligns with the project’s focus on extracting

modules associated with the temperature response, minimizing unwanted biases introduced by additional

changes in light conditions. However, it is important to note this uniformity, with the absence of data traits

for different conditions, limits the presence of distinct traits. Consequently, this hinders the algorithm’s

ability to attribute the different detected expression profiles to their corresponding traits. On the contrary,

when variations in conditions are introduced within a single run, as in the case of the E-MEXP-728 dataset,

it diminishes uniformity. This variation carries the potential to impose limitations on the algorithm’s ability

to effectively detect specific expression profiles and accurately correlate them with distinct traits. As such,

an ideal dataset would exhibit variations in the same characteristics within a single run.

In Figure 12, it is possible to make the conjecture that the expression profiles of modules associated

with the traits ’Temperature’, ’Photoperiod’, and ’LeafNumber’ exhibit a high correlation. This is evidenced

by their nearly identical Pearson correlation values. However, this observation is also indicative of the pre-

viously discussed limitation that arises from introducing varying conditions within a single run. Such

variability can make it challenging to detect differences in expression profiles. With a significance level of

p < 0.05, it is evident that most of the correlations discovered are statistically significant. Specifically, the

’Gold’, ’Sienna’, ’Chocolate’, ’Oldlace’, ’Darkgoldenrod’, ’Firebrick’, ’Floralwhite’, ’Brown’, ’Black’, ’Coral’,

and ’Darkred’ modules exhibit statistically significant correlations. This indicates that the ’Gold’, ’Sienna’,
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’Chocolate’, ’Oldlace’, and ’Darkred’ modules have negative correlations with temperature, while the ’Dark-

goldenrod’, ’Firebrick’, ’Floralwhite’, ’Brown’, ’Black’, and ’Coral’ modules display positive correlations with

temperature.

Figure 12: Correlation heatmap showing the relationships between extracted modules and data traits within

the E-MEXP-728 dataset Balasubramanian et al. [2006]. The heatmap displays Pearson correlation values,

indicating the strength of the association between a module and a specific trait. Positive correlations are

depicted in red, while negative correlations are shown in blue. Additionally, the plot represents p-values

below the Pearson correlation values, providing insights into statistical significance. It is also possible

to detect seven data traits, these are related to age (35, 37, 40 and 44 days), environmental conditions

(temperature and photoperiod) and flowering time (leaf number).

In contrast, the E-MEXP-1304 heatmap, depicted in Figure 13, highlights the impact of the limitation

mentioned earlier, the reduced number of data traits. For this dataset, with a significance level of p < 0.05,

only three of the identified modules can be considered statistically significant: ’Sienna’, ’Rosybrown’, and

’Lightsalmon’. Remarkably, each of these modules exhibits a negative correlation with temperature.

The subsequent step in the PyWGCNA pipeline involved conducting a comparative analysis to assess

the agreement of genes associated with the extracted modules from both the E-MEXP-728 and E-MEXP-

1304 datasets. As previously explored in Section 3.1, this comparison is of particular significance as

it enables us to assess PyWGCNA’s ability to capture coherent expression patterns associated with a

specific condition and consistently assign genes to corresponding clusters. The visual representation of

this comparison is depicted in a network format in Figure A1. Due to its size, the figure has been relocated

to Appendix A. Notably, when adopting a Jaccard similarity index of 0.2 as a threshold for meaningful

module similarity, the analysis revealed eight pairs of modules demonstrating agreement:

• E-MEXP-1304 ’lightcoral’ and E-MEXP-728 ’sienna’;

• E-MEXP-728 ’firebrick’ and E-MEXP-1304 ’rosybrown’;
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Figure 13: Correlation heatmap showing the relationships between extracted modules and data traits

within the E-MEXP-728 dataset Michael et al. [2008]. The heatmap displays Pearson correlation values,

indicating the strength of the association between a module and a specific trait. Positive correlations are

depicted in red, while negative correlations are shown in blue. Additionally, the plot represents p-values

below the Pearson correlation values, providing insights into statistical significance. In this heatmap, it is

possible to detect only one trait, associated with the temperature.

• E-MEXP-1304 ’rosybrown’ and E-MEXP-728 ’brown’;

• E-MEXP-1304 ’black’ and E-MEXP-728 ’lightcoral’;

• E-MEXP-728 ’lightcoral’ and E-MEXP-1304 ’white’;

• E-MEXP-1304 ’gainsboro’ and E-MEXP-728 ’coral’;

• E-MEXP-1304 ’sienna’ and E-MEXP-728 ’chocolate’;

• E-MEXP-1304 ’sienna’ and E-MEXP-728 ’darkgoldenrod’.

When further looked into it is possible to infer that some of the meaningful relationships found between

modules are between modules with disagreeing correlations with temperature. For example, E-MEXP-1304

’lightcoral’ and E-MEXP-728 ’sienna’, have a high agreement, however, denote a contrasting module-

temperature profile, with the E-MEXP-1304 ’lightcoral’ having a positive correlation with temperature, and

the E-MEXP-728 ’sienna’, a negative correlation with temperature. Some of these cases, where a con-

trasting module-temperature profile is found, like the E-MEXP-1304 ’lightcoral’ and E-MEXP-728 ’sienna’,

E-MEXP-1304 ’gainsboro’ and E-MEXP-728 ’coral’, E-MEXP-1304 ’black’ and E-MEXP-728 ’lightcoral’, and

E-MEXP-728 ’lightcoral’ and E-MEXP-1304 ’white’, the modules’ correlation with temperature is not statis-

tically significant, meaning that although there is a disagreement between temperature profiles, it would

still be necessary to analyse more expression data to infer the clustered genes are in fact associated with
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a specific temperature profile. For other cases, like the E-MEXP-728 ’firebrick’ and E-MEXP-1304 ’rosy-

brown’, E-MEXP-1304 ’rosybrown’ and E-MEXP-728 ’brown’, and E-MEXP-1304 ’sienna’ and E-MEXP-728

’darkgoldenrod’, the module-temperature profiles are contradictory but statistically significant, meaning

that the clustered genes in both clusters could be involved in both the hot and cold temperature response.

The extracted modules were also searched for the presence of TFs associated with the cold and heat

response, previously mentioned in Section 2.1.2: DREB 1/CBF (AT4G25470), MBF1c (AT3G24500), and

DREB2A (AT5G05410). These were only found in the modules extracted from the E-MEXP-728 dataset,

with two hits for the DREB 1/CBF TF, one in the ’coral’ module and another in the ’lightcoral’ module;

one hit for the MBF1c TF in the ’firebrick’ module; and no hits for the DREB2A TF.

4.1.3 BADDADAN

As a reminder, the BADDADAN algorithm was designed to analyse expression profile dynamics within Ara-

bidopsis thaliana’s networks. Besides its capacity to extract gene modules, this algorithm enables the

inference of regulatory interactions among these modules by computing a GRN. Additionally, it offers func-

tionalities for formulating these interactions as ODE and simulating the expression dynamics of modules

over time. It is worthy to note that this approach was employed only to the E-MEXP-1304 Michael et al.

[2008] dataset, due to its consistent experimental conditions regarding temperature variations.

Among the top 2000 most deviating genes, this approach extracted a total of four modules. To infer

the regulatory relationships between these modules, potential TFs were predicted. Figure 14 provides a

visual representation of the GRN inferred using the TF2Network tool.

For the sake of simplifying and easing the interpretation of regulatory relationships, the algorithm

permits the removal of intermediary components, such as the TFs. A network that exclusively portrays the

regulation of modules is presented in Figure 15.

From this image, it is possible to affirm that all established relationships are of downregulation nature.

As a matter of fact, the following relationships could be stipulated:

• ’MODULE0’ and ’MODULE1’ exhibit a bidirectional downregulation relationship;

• ’MODULE0’ downregulates both ’MODULE2’ and ’MODULE3’ and is downregulated by ’MODULE1’;

• ’MODULE1’ downregulates both ’MODULE0’ and ’MODULE2’ and is downregulated by ’MODULE0’;

• ’MODULE2’ is downregualted by all other extracted modules;

• ’MOUDLE3’ downregulated ’MODULE2’ and is downregualted by ’MODULE0’.

57



Figure 14: Visual representation of modules extracted through the Bioinformatics Approach to Describe

Dynamical Activations of a Dimension-reduced Arabidopsis Network (BADDADAN) approach and their cor-

responding transcription factors predicted by the TF2Network tool, presented in a network format. In this

visualization, modules are depicted as orange nodes, while transcription factors are represented as blue

nodes. The connecting edges are color-coded, with red denoting downregulation relationships and black

indicating transcriptional associations. The presence of arrows in the network highlights the directionality

of regulatory interactions between transcription factors and modules.

ODE System and Simulation

The following equations constitute the system of ODEs that describe the expression dynamics of the ex-

tracted modules and the relationships previously described:

dy0
dt

= −δ0 · y[0] + γ0 · temp · y[0] +
β1 · k1

k1 + y[1]
(4.1)

dy1
dt

= −δ1 · y[1] + γ1 · temp · y[1] +
β0 · k0

k0 + y[0]
(4.2)

dy2
dt

= −δ2 · y[2] + γ2 · temp · y[2] +
β1 · k1

k1 + y[1]
+

β0 · k0
k0 + y[0]

+
β3 · k3

k3 + y[31]
(4.3)

dy3
dt

= −δ3 · y[3] + γ3 · temp · y[3] +
β0 · k0

k0 + y[0]
(4.4)

This mathematical formulation not only aids in understanding how expression dynamics evolve over

time but also leverages ODEs for their ability to offer a continuous depiction of molecular dynamics and to
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Figure 15: Visual representation of modules extracted using the Bioinformatics Approach to Describe

Dynamical Activations of a Dimension-reduced Arabidopsis Network (BADDADAN) approach, presented

in a network format. Each module is depicted as an orange node. The edges connecting them are

colored red, indicating downregulation relationships. This representation also elucidates the directionality

of regulatory interactions between modules, highlighted by the presence of arrows.

quantify the influence of gene expression disturbances on a system’s output. To enhance interpretability,

Table 2 provides insights into the significance of each parameter.

Table 2: Definition of key parameters employed in the Ordinary Differential Equation’s system.

Parameter Meaning

δ Degradation rate

y Input variable

γ System’s responsiveness to temperature variations

temp Specific temperature at a given point

β Maximum transcription rate

k Abundance of a product at a half-maximum transcription rate

Therefore, each equation can be divided into three factors, each representing distinct aspects that

govern significant changes in the system’s dynamics: the decay factor, temperature factor, and regulatory

factor. Taking Formula 4.1 of ’MODULE0’ as an example:

• Decay factor, describes the rate of degradation: −δ0 · y[0];

• Temperature factor, describes the temperature’s effect on module regulation: γ0 · temp · y[0];

• Regulatory factor, describes the rate of transcription: β1·k1
k1+y[1]

.
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The algorithm’s fitting process successfully simulated the expression dynamics representing the be-

havior of the formulated system, as shown in the right plot of Figure 16. A comparative analysis with the

left plot of the same figure, which illustrates the system’s real-life behavior based on experimental data,

reveals that there is still room for improvement in the mathematical model. Notably, both the experimental

and simulated data capture the cyclical dynamics, with fluctuations in the expression levels occurring at

corresponding time points. However, it is evident that these dynamics exhibit distinct patterns.

Figure 16: Plots illustrating the temporal expression dynamics of modules obtained through the Bioinfor-

matics Approach to Describe Dynamical Activations of a Dimension-reduced Arabidopsis Network (BAD-

DADAN) approach based on experimental (left) and simulation of the Ordinary Differential Equation (ODE)

system (right). Each module is represented with a different color as indicated in the legend.

Figure 17 depicts the expression levels of all 63 genes assigned to ’MODULE0’ across all measured

time points using this approach. Similar plots for ’MODULE1’, ’MODULE2’, and ’MODULE3’ can be found

in Figure B3, Figure B4, and Figure B5, respectively, in Appendice B. This image highlights the advan-

tages of adopting a modular approach to group genes with similar expression patterns. In fact, in a

non-modular approach, the higher dimensionality would exponentially escalate the complexity of the ODE

system, making the parameter fitting process significantly more challenging. Moreover, the modular ap-

proach enhances biological interpretability by clustering genes that likely participate in the same biological

processes or pathways, simplifying the inference of functional relationships within modules. This, in turn,

provides improved insights into the coordinated regulation of genes and the underlying mechanisms that

govern their behavior, ultimately contributing to a more comprehensible analysis Ackermann and Strimmer

[2009].
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Figure 17: Plot representing the changes in expression levels over time for all 63 genes attributed to

Module 0 with the Bioinformatics Approach to Describe Dynamical Activations of a Dimension-reduced

Arabidopsis Network (BADDADAN) approach and E-MEXP-1304 dataset Michael et al. [2008]. Each line

and color represent a unique genes.

4.2 Analysis of Agreement in Extracted Modules

Consistent with the analysis conducted in Subsection 4.1.2 of this chapter, this subsection delves into

the comparison of modules extracted using both approaches, PyWGCNA and BADDADAN. The aim is to

evaluate aspects such as, the extent to which both algorithms assign the same genes to identical clusters,

their ability to detect similar expression patterns, and the degree of overlap between the extracted modules.

A visual representation of the comparison between overlapping genes is provided in Figure A2. Like the

previous comparison figure, this one has also been relocated to Appendix A.

Similarly, when applying a Jaccard similarity index threshold of 0.2 for meaningful module similarity,

this analysis unveiled four pairs of modules that exhibited agreement between the PyWGCNA and BAD-

DADAN approaches:

• E-MEXP-1304 ’lightcoral’ and E-MEXP-1304 ’MODULE0’;

• E-MEXP-1304 ’MODULE0’ and E-MEXP-728 ’lightcoral’;

• E-MEXP-1304 ’black’ and E-MEXP-1304 ’MODULE3’;

• E-MEXP-1304 ’white’ and E-MEXP-1304 ’MODULE1’;

It’s worth noting that the modules extracted using the BADDADAN approach exhibited a higher fre-

quency of agreement with the modules obtained from the PyWGCNA approach in the case of the E-MEXP-
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1304 dataset. This observation is primarily due to the fact that the BADDADAN approach was applied to

the E-MEXP-1304 dataset.

Given that the BADDADAN approach does not provide information for inferring module-trait relation-

ships, it’s challenging to determine whether the agreement between modules corresponds to similar

module-temperature profiles. However, we can still observe some interesting patterns. For instance,

’MODULE0’ displayed substantial agreement with two modules related to a positive temperature correla-

tion and a third module, E-MEXP-1304 ’black’, which came close to the Jaccard cutoff with a similarity of

0.19 and also had a positive temperature correlation. On the other hand, ’MODULE1’ only exhibited a high

agreement with the E-MEXP-1304 ’white’ module that had no temperature correlation. ’MODULE2’ did not

demonstrate any noteworthy agreements with other modules but it is possible to observe a agreement of

0.18 with the E-MEXP-1304 ’gainsboro’ module that has a negative correlation with temperature. Finally,

’MODULE3’ had one relevant agreement with the E-MEXP-1304 ’black’ module, which had a positive tem-

perature correlation. Nonetheless, none of these modules exhibited a statistically significant temperature

correlation at the 0.05 level.

4.3 Gene Set Enrichment Analysis

As previously discussed in Section 2.4.2, GSEA provides an effective means of identifying gene sets linked

to phenotypic changes. This subsection will explore the outcomes of functional enrichment for the modules

extracted from the applied approaches. If a module is not mentioned, it can be inferred that it either did not

yield statistically significant results for any biological process or did not exhibit relevant functional enrich-

ment within the project’s scope. Additionally, modules showing a major overrepresentation of biological

processes, albeit not directly associated with the project, will still be discussed.

4.3.1 PyWGCNA

E-MEXP-728

The visual representation of the GSEA of modules extracted from the E-MEXP-728 dataset Balasubrama-

nian et al. [2006] through the PyWGCNA approach can be observed in Figure 18.

Before delving deeper into the interpretation of the plot, it is possible to observe that most of the

modules present in the analysis for agreement between extracted modules were found to be functional

enriched, showcasing the algorithm’s ability to detect biologically relevant gene modules. Three mod-

ules emerged as overrepresented in either the regulation of flowering or the transition to flowering: the
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Figure 18: Bubble plot representing the Functional Enrichment Analysis for the modules extracted from the

E-MEXP-728 dataset Balasubramanian et al. [2006], through the Python-based Weighted Gene Correlation

Network Analysis (PyWGCNA) approach. The bubble size corresponds to the fold enrichment, while the

color of the bubble signifies the p-value.

’lightcoral’, ’coral’, and ’palegoldenrod’ modules. With the ’lightcoral’ and ’coral’ module found to be

overrepresented both for ’regulation of photoperiodism, flowering’ and ’response to cold’.

Notably, both of these modules displayed a positive correlation with temperature in the module-trait

analysis, implying lower gene expression as temperature increases. This observation is consistent with

the genes’ involvement in the ’response to cold’ since their response might involve a decrease in expres-

sion. This downregulation could potentially activate downstream genes, denoting a cascade effect in the

cold response pathway. The ’sienna’ module, in contrast, displayed a statistically significant negative

correlation with temperature and was found to be overrepresented in terms of ’response to heat’. These

observations suggest a complex regulatory network where genes respond to environmental temperature

by downregulating their expression, potentially triggering downstream effects that drive the a response to

both heat and cold. Furthermore, the ’coral’ module was identified as overrepresented in ’response to

light stimulus’, highlighting the limitations posed by the presence of inconsistent environmental variables

within the E-MEXP-728 dataset, as previously highlighted.

The ’oldlace’ module, with no relevant overlap with any other module, was found to be highly overep-

resented (fold enrichment value above 100) with genes associated with a ’response to low humidity’.

Although not directly related to this project, as the focus is on the organism’s temperature-response, this

could prove to be a key module in the expansion of the mechanistic modelling for other environmental

conditions, such as humidity. Another module that was found to have a highly overepresentation (fold

enrichment value above 100) of a biological process was the ’black’ module, found to be associated with
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the ’cadmium ion transmembrane transport’.

E-MEXP-1304

The visual representation of the GSEA of modules extracted from the E-MEXP-1304 dataset Michael et al.

[2008] through the PyWGCNA approach can be observed in Figure 19.

Figure 19: Bubble plot representing the Functional Enrichment Analysis for the modules extracted from the

E-MEXP-1304 dataset Michael et al. [2008], through the Python-based Weighted Gene Correlation Network

Analysis (PyWGCNA) approach. The bubble size corresponds to the fold enrichment, while the color of the

bubble signifies the p-value.

Two modules emerged with an overall overrepresentation in biological processes associated with the

response to abiotic and environmental stimuli and ’response to cold’: the ’white’ and ’rosybrown’ mod-

ules. The ’white’ module exhibited no correlation with temperature in the module-trait relationship. In

contrast, the ’rosybrown’ module revealed a statistically significant negative correlation with temperature,

supporting the hypothesis that these modules are involved in temperature-related responses to environ-

mental stimuli. Another module whose association with temperature could be further reinforced, is the

’darkgrey’ module. This module displayed no correlation with temperature in the module-trait analysis, yet

it was notably overrepresented in terms of ’response to cold’ and ’cold acclimation’ during the enrichment

analysis. The ’black’ module exhibited a positive correlation with temperature and an overrepresentation

in ’response to cold’, whereas the ’gainsboro’ module showed a negative correlation with temperature and

was overrepresented in terms related to ’response to heat’ and ’cellular response to heat’. These observa-
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tions indicate that genes within these modules may be involved in responses to heat and cold, with their

responses potentially involving both increased and decreased expression levels, influencing downstream

genes accordingly. None of the modules extracted from the E-MEXP-1304 dataset using the PyWGCNA

displayed overrepresentation in terms of the flowering process.

Similarly to the E-MEXP-728 dataset, albeit with fold enrichment values hovering around the 50 range,

two modules stood out for their substantial overrepresentation in non-relevant biological processes. Specif-

ically, the ’darkgrey’ module was linked to ’regulation of defense response to virus’, while the ’lightsalmon’

module was associated with ’translational elongation’.

4.3.2 BADDADAN

E-MEXP-1304

A visual representation of the GSEA of modules extracted from the E-MEXP-1304 dataset Michael et al.

[2008] through the BADDADAN approach can be observed in Figure 20.

Figure 20: Bubble plot representing the Functional Enrichment Analysis for the modules extracted from the

E-MEXP-1304 dataset Michael et al. [2008], through the Bioinformatics Approach to Describe Dynamical

Activations of a Dimension-reduced Arabidopsis Network (BADDADAN) approach. The bubble size corre-

sponds to the fold enrichment, while the color of the bubble signifies the p-value.

A brief review of the presented enrichment analysis suggests that the modules extracted through the

BADDADAN approach exhibited notably higher functional enrichment values. This discrepancy can be

attributed to the size of the extracted modules. For instance, the largest module in BADDADAN comprises
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63 genes, while some of the larger modules extracted by the PyWGCNA approach contain around 1500

genes. Take, for instance, the ’gainsboro’ module extracted from the E-MEXP-1304 dataset, which offers

a comparative example.

It’s worth noting that the modules extracted using this approach displayed distinct characteristics,

notably featuring more focused and coherent functional gene groups. For example, ’MODULE0’ exhibited

significant overrepresentation in biological processes related to environmental stimuli, particularly those

linked to light. ’MODULE1’ stood out for its high overrepresentation in processes such as the negative

regulation of the circadian rhythm, flowering, photoperiodism, and the regulation of timing of the transition

to the reproductive phase. ’MODULE2’ was notably overrepresented for plant development and growth.

Meanwhile, ’MODULE3’, much like ’MODULE1’, demonstrated overrepresentation in processes associ-

ated with the regulation of photoperiodism, flowering, reproductive processes, and flower development.

Additionally, although not directly relevant to temperature response, ’MODULE3’ also exhibited overrepre-

sentation in ’response to water deprivation’, making it another potential candidate for future expansion of

mechanistic modeling to accommodate other environmental conditions.

Since the module-trait analysis is not available in the BADDADAN approach, direct comparisons with

other analyses are not feasible. Nonetheless, it’s evident that no module extracted using the BADDADAN

approach displayed overrepresentation in ’response to cold’ or ’response to heat’. In contrast, it is of

significance to point out that both modules showing overrepresentation in flowering processes, ’MODULE1’

and ’MODULE3’, exhibited a high agreement with the ’lightcoral’ module extracted from the E-MEXP-728

dataset using the PyWGCNA approach.

Figure B6, located in Appendice B, offers a network visualization illustrating module similarity between

modules extracted from the E-MEXP-728 Balasubramanian et al. [2006] and E-MEXP-1304 Michael et al.

[2008] datasets using PyWGCNA and BADDADAN approaches. This visualization features symbolic repre-

sentations denoting the results obtained from both the module-trait and functional enrichment analyses,

specifically focusing on temperature and flowering-response.
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Chapter 5

Conclusions and future work

5.1 Conclusions

The primary objective of this research project was to synergize machine learning and mechanistic mod-

elling for enhancing plants’ adaptability to climate change. The proposed approach, at its core, aimed to

detect gene modules linked to the Arabidopsis thaliana response to environmental temperature variations.

Subsequently, this knowledge would be integrated into an existing mechanistic model through a mathe-

matical formulation of the regulatory interactions governing these modules. In theory, this approach held

the potential to enhance the model’s ability to predict flowering time in response to shifts in environmental

conditions.

The employment of module detection tools, including BIONIC, PyWGCNA, and BADDADAN, allowed

for the extraction of gene modules from datasets relevant to the research question. To infer the modules’

relationships with the temperature response, intrinsic functions of these methods, such as PyWGCNA

module-trait analysis, were employed. To validate the biological significance of these inferred relationships

and the functional affinity of assigned genes, GSEA was conducted. These analyses yielded valuable in-

sights, with several gene modules demonstrating statistically significant associations with temperature and

notable overrepresentation in biological processes pertinent to the project’s objectives. Indeed, numerous

modules were found to be linked to heat and cold responses, regulation of flowering time, and the transition

to the reproductive phase. While these findings enriched our understanding of the relationships between

these gene clusters and the phenotypical changes induced by shifts in environmental conditions, they also

prompted questions about the realism of certain associations. This concern stemmed from conflicting

results obtained from the module trait and functional enrichment analyses.

One significant disappointment in this project was the inability to integrate biological networks and

deduce gene modules through the BIONIC approach. In reality, the BIONIC method exhibited flaws in ex-

tracting relevant topological features and predicting gene modules accurately. Furthermore, the challenges
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encountered during implementation were directly reported to the developer, although this discussion did

not impact the results previously obtained. Given the method’s claims in the original research paper, a

substantial portion of the project’s original timeline was dedicated to troubleshooting, making modifica-

tions, and implementing suggestions to align with those claims. Unfortunately, this poor time management

ultimately hindered the achievement of one of the proposed goals for the project. The delay in progressing

to the next project phases directly impacted the integration of the derived ODE into the pre-existing mech-

anistic model. This step was critical for enhancing the model’s ability to predict flowering time in response

to temperature changes.

As mentioned in the Introduction, this research encountered several barriers hindering the inference

of plant-climate interactions. These challenges included the fragmentation of relevant data on expression

level measurements across varying ambient temperature conditions, a limited understanding of the im-

pact of ambient temperature on flowering regulation, and the translation of data into meaningful biological

knowledge. By constructing an inventory of datasets relevant to this project’s scope, we’ve taken a signif-

icant step towards consolidating context-specific data into an aggregated space, enhancing accessibility

and combining research efforts.

Furthermore, this project successfully identified 14 modules with statistically significant relationships

to temperature. Subsequent GSEA analysis revealed five gene modules associated with the regulation

of flowering processes, two of which displayed dual associations with both the response to cold and the

regulation of flowering. These discoveries translate into valuable biological insights extracted from the

collected data.

By addressing these challenges and contributing to a clearer understanding of the relationship be-

tween environmental temperature and plant responses, this research helps bridge gaps in knowledge.

These findings pave the way for potential enhancements in mechanistic modelling, particularly regarding

predicting flowering time in response to variations in ambient temperature. As a final point, this research

improves our understanding of plant-climate interactions and offers a foundation for further improvements

in the field.

5.2 Prospects for Future Work

To enhance the insights obtained in this project, future analyses should involve comparing the extracted

modules with those from amore cohesive dataset. This additional step could play a crucial role in validating

some of the hypotheses presented in this project, particularly those with contrasting results. It would offer
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a more precise assessment of the modules’ responses to heat, cold, and the transition to flowering.

As reiterated throughout this report, finding a singular suitable dataset proved challenging. Although

using two datasets yielded valuable insights, an ideal dataset for such a study would maintain consistent

environmental conditions, thus presenting an opportunity for future experimental designs.

Additionally, the predicted gene modules and described temperature associations can be validated or

refuted through experimental methodologies. This work would involve performing gene expression profil-

ing, which entails measuring the expression levels of genes chosen from the predicted modules in response

to varying ambient temperatures while ensuring environmental factors remain constant. Additionally, tran-

scriptomic profiling via RNA-seq experiments could be carried out on plants exposed to different tempera-

ture conditions while keeping all other environmental conditions constant. These approaches collectively

offer a reliable means to further investigate the responsiveness of the gene modules.

Furthermore, considering the mathematical formulation of the modules extracted from the E-MEXP-

728 dataset using the PyWGCNA approach as ODEs could provide a valuable strategy for making com-

prehensive comparisons with BADDADAN’s modelling and fitting process. As reported, there is room for

improvement in the fitting process, and this step could potentially yield visible enhancements.

In conclusion, addressing the research question posed in this project would require integrating the

derived equations into the available mechanistic model. This integration would significantly enhance the

model’s predictive capabilities for flowering time in response to changes in environmental temperature.

Moreover, it could pave the way for enhancing plants’ adaptation to climate change, making it a promising

endeavour for future research.
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Appendix A
Details of Results

Figure A1: Network visualization of module similarity in the E-MEXP-728 Balasubramanian et al. [2006]
and E-MEXP-1304 Michael et al. [2008] datasets using Python-based Weighted Gene Correlation Network
Analysis (PyWGCNA). Orange nodes represent modules extracted from E-MEXP-728, while green nodes
represent modules extracted from E-MEXP-1304. Edge values represent the Jaccard similarity scores,
indicating the degree of similarity between pairs of modules. The thickness of the edges is proportionate
to the level of similarity, with thicker edges signifying stronger similarity. Modules marked with a yellow halo
indicate a high degree of agreement between the pair (Jaccard value > 0.2). A red plus sign and a blue
minus sign denote a positive and negative correlation with temperature, respectively, while a grey equal sign
signifies no correlation with temperature. Modules exhibiting statistically significant relationships between
temperature and module expression are marked with an asterisk.
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Figure A2: Network visualization of module similarity in the E-MEXP-728 Balasubramanian et al. [2006]
and E-MEXP-1304 Michael et al. [2008] datasets using Python-based Weighted Gene Correlation Network
Analysis (PyWGCNA) and Bioinformatics Approach to Describe Dynamical Activations of a Dimension-
reduced Arabidopsis Network (BADDADAN) methods. Orange nodes represent modules extracted from
E-MEXP-728 with PyWGCNA, green nodes represent modules extracted from E-MEXP-1304 obtained with
PyWGCNA, and red nodes represent modules extracted from E-MEXP-1304 using BADDADAN. Edge values
denote the Jaccard similarity scores, reflecting similarity between the two pair of modules. The thickness of
the edges is proportionate to the level of similarity, with thicker edges signifying stronger similarity. Modules
marked with a yellow halo indicate a high degree of agreement between the pair (Jaccard value > 0.2). A red
plus sign and a blue minus sign denote a positive and negative correlation with temperature, respectively,
while a grey equal sign signifies no correlation with temperature. Modules exhibiting statistically significant
relationships between temperature and module expression are marked with an asterisk.
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Appendix B
Support work

Figure B1: Network visualization for the extracted modules of the E-MEXP-728 Balasubramanian et al.
[2006] dataset through the PyWGCNA approach. The visualization was filtered to only present 100 genes
and 1000 connections given that the size of the complete network.
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Figure B2: Network visualization for the extracted modules of the E-MEXP-1304 Michael et al. [2008]
dataset through the PyWGCNA approach. The visualization was filtered to only present 100 genes and
1000 connections given that the size of the complete network.



Figure B3: Plot representing the changes in expression levels over time for all 16 genes attributed to
’MODULE1’ with the Bioinformatics Approach to Describe Dynamical Activations of a Dimension-reduced
Arabidopsis Network (BADDADAN) approach. Each line and colour represents a unique gene.

Figure B4: Plot representing the changes in expression levels over time for all 11 genes attributed to
’MODULE2’ with the Bioinformatics Approach to Describe Dynamical Activations of a Dimension-reduced
Arabidopsis Network (BADDADAN) approach. Each line and colour represents a unique gene.



Figure B5: Plot representing the changes in expression levels over time for all 60 genes attributed to
’MODULE3’ with the Bioinformatics Approach to Describe Dynamical Activations of a Dimension-reduced
Arabidopsis Network (BADDADAN) approach. Each line and colour represents a unique gene.



Figure B6: Network visualization illustrating module similarity and outcome representations for the mod-
ules extracted from the E-MEXP-728 Balasubramanian et al. [2006] and E-MEXP-1304Michael et al. [2008]
datasets using Python-based Weighted Gene Correlation Network Analysis (PyWGCNA) and Bioinformatics
Approach to Describe Dynamical Activations of a Dimension-reduced Arabidopsis Network (BADDADAN)
approaches. This visualization features symbolic representations denoting the results obtained from both
the module-trait and functional enrichment analyses, specifically focusing on temperature and flowering
response. Orange nodes represent modules extracted from E-MEXP-728 with PyWGCNA, green nodes rep-
resent modules extracted from E-MEXP-1304 obtained with PyWGCNA, and red nodes represent modules
extracted from E-MEXP-1304 using BADDADAN. Edge values denote the Jaccard similarity scores, reflect-
ing the similarity between the two pairs of modules. The thickness of the edges is proportionate to the level
of similarity, with thicker edges signifying stronger similarity. Modules marked with a yellow halo indicate
a high degree of agreement between the pair (Jaccard value > 0.2). A red plus sign and a blue minus sign
denote a positive and negative correlation with temperature, respectively, while a grey equal sign signifies
no correlation with temperature. Modules exhibiting statistically significant relationships between temper-
ature and module expression are marked with an asterisk. A flower symbol signifies overrepresentation of
flowering-related processes, an ice symbol represents overrepresentation in response to cold, and a flame
symbol indicates overrepresentation in response to heat.
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