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“Would you tell me, please, which way I ought to go from here?”
“That depends a good deal on where you want to get to,” said the Cat.
“I don’t much care where—" said Alice.

“Then it doesn’t matter which way you go,” said the Cat.

“—so long as I get somewhere,” Alice added as an explanation.

“Oh, you're sure to do that,” said the Cat, “if you only walk long enough.”

Lewis Carroll, Alice’s Adventures in Wonderland, Chapter VI: Pig and Pepper, 1865.






Adapted from the original illustration by John Tenniel 1865



Table of Contents

N 013 o g Lot PP iv
SAMMANTALENING vttt v
LiSt Of PUDIICATIONS ..ottt ssse s ss s vi
Authorship CONTITDULIONS ..cueerieeeeereereereeeseeeee e see e sss s vii
P\ ] 02 374 T U U0 o PP viii
INEFOAUCTION ottt et et eses s es s s s ss s bbb 1
Norway spruce and Scots pine as a Study SyStem .......cuuomrnerrrenmeessessessnens 1
Gene regulation at a COTe leVEel ... 2
WRhY tranSCriPLOMICS? ...ccumiueeeereereesreieeseeeessessessssssessssssessssssssssssssssesssssssssssssssans 3
Transcriptional NEtWOTKS.......oreereerecreesese et sesssessssssens 4
A variety of gene inference approaches........oeenseenneesneennens 5
Exploration of the NEtWOTK......cinisss s 9
=T 00 0 g ] ¥ U ] 0 (ot PP 9
MOAULE AELECLION ....cuueeeereeerereeneeeee ettt esses e ssessnrans 10
Visualisation, functional analyses and candidate gene
TAENTICAtION cuueereeecereeeete et s s raees 10
Comparative Network analysis....c s 11
The importance of data QUALILY ... 14
Abiotic stress response in Norway spruce and Scots pine ... 15
Cold stress response and regulation .......coeeneeomeeseeseesseeseenes 15
Regulation of drought Stress reSponSe......oereeneeserneesseesseeseennes 17
Materials and Methods. ...t ssssssssneans 21
Exposure to abiotic stress CONditions......oemieresssssssees 21
From stress to sequences: Transcriptome construction...........coveueen. 22
Seior: A wisdom of the crowd approach to network inference............ 23
Comparing species With COMPIEX........ccumeneneenneenecnerneeseeseesesssesssesssnees 25
Results and Paper diSCUSSION .....corieeereereereiseeseeseseseesessessssesss s ssessssssessssans 27
A demonstration of the importance of data quality ........ccoooeconnrereennee. 27
The complexity 0f COMPIEX....cccoummiemisieessnssssssssssssseens 28
Paper I - Ensemble network inference revealed key regulators of
drought response in NOIrWay SPIUCE .....ceeeeereeeeesesseesssessesssesssesssesssseenns 30
Paper II - Co-expression networks provide biological insight into
GENOMIC FEATUTES ...cuueeeeeeereteeseeeee et sssee e sesss s s s s s ssnas 31

ii



Paper III - Conserved core rewired to regulate different set of genes

as response to Cold Stress iN IOOLS. .. 35
Paper IV - Comparative abiotic stress transcriptomics reveal
common regulatory modules in CONfers .......eeeeeeeseesseeens 39
Conclusions and future PErsPECiVES ......comerureereenseereesesseessseseessesssessssssesssessessseans 43
The increasing accuracy of network inference.........oeenreeneeereeseenns 45
Other components of transcriptional regulation.........cceeeneceneenneseennens 45
ACKNOWIEAZEIMENES .....cvreeeeecrerressseesseeeseeessssss s sssess s sesssss s ssssssss s sssassssssssssans 47
S (=] (=] 0 Lol 2PN 50

ii



Abstract

Gene co-expression networks (GCNs) are a powerful approach for exploring
transcriptional regulation by identifying functionally related genes through their
expression patterns across various conditions. The inference of GCNs can be
achieved by various computational algorithms, each with distinct merits and
limitations. The choice of algorithm can influence the network structure and the
biological interpretation derived from it. By using a combination of different
methods, biases can be minimised providing more robust and complementary
insights. These methodologies are particularly valuable for non-model species, a
challenge exemplified by Norway spruce and Scots pine. With ongoing climate
change, drought and cold stresses are becoming increasingly important factors
shaping the survival of these boreal conifers. Boreal regions are experiencing more
frequent and prolonged drought periods, alongside greater variability in early
spring, including sudden freeze-thaw events and episodes of extreme cold.
Understanding the genetic regulation through which species such as Norway spruce
and Scots pine, perceive, respond to, and potentially recover from drought and cold
is therefore of high importance.

In this thesis [ have used an extensive collection of transcriptomic data generated
from boreal tree species under abiotic stress conditions to infer GCNs to reveal
coordinated patterns of gene expression responses to environmental challenges. In
addition, comparative analyses of GCNs enabled the systematic assessment of
conservation and divergence of co-expression among these species, identifying both
shared regulatory circuits and species-specific adaptations. Analyses uncovered
down-regulated modules of developmental processes, up-regulated modules of
abiotic stress response, and several candidate transcription factors directly
connected to these stress-responsive pathways. Comparison with boreal
angiosperms revealed divergent responses in core cold-regulatory processes, most
notably in the regulation and representation of C- repeat Binding Factor (CBF)
transcription factors. The abiotic stress response patterns of both cold and drought
were largely shared between the two conifer species, indicating a high degree of
conservation in their transcriptional responses. This conservation extended to the
organisation of topologically associated domains, where a subset of highly
conserved co-expressed orthologs were found at the same location in the genomes
of these conifers.

Together, these analyses demonstrated the utility of comparative co-expression
networks as a tool for understanding both conserved and diverged regulatory
mechanisms, while offering new perspectives on the resilience of conifers in the
context of environmental change.



Sammanfattning

Samuttrycksndtverk (GCNs) ar ett kraftfullt verktyg for att utforska
transkriptionsreglering genom att identifiera funktionellt relaterade gener via deras
uttrycksmonster under olika forhdllanden. GCNs kan konstrueras med hjilp av olika
berdkningsalgoritmer, som var och en har styrkor och begrdnsningar. Valet av
algoritm kan paverka natverkets struktur och den biologiska tolkning som gors
utifrdn det. Genom att anvdnda en kombination av olika metoder kan bias
minimeras, vilket ger mer robusta och kompletterande insikter. Dessa metoder ar
sarskilt vardefulla for icke-modellorganismer, vilket illustreras av gran och tall. I
takt med det pagiende klimatférandringarna blir torka och kyla allt viktigare
faktorer som paverkar 6verlevnaden hos dessa boreala barrtrad. Boreala regioner
upplever nu mer frekventa och langvariga torkperioder, tillsammans med storre
variationer under tidig var, inklusive plétsliga frysnings-tiningscykler och perioder
av extrem Kkyla. Att forsta den genetiska regleringen genom vilken arter som gran
och tall uppfattar, reagerar pa och potentiellt dterhdmtar sig fran torka och kyla ar
darfor av stor betydelse.

I denna avhandling har jag anviant en omfattande samling transkriptomdata
genererad fran boreala tradslag under abiotiska stressférhallanden for att
konstruera GCNs och darigenom avsloja koordinerade uttrycksmonster som svar pa
miljdutmaningar. Dessutom modjliggjorde jamforande analyser av GCNs en
systematisk bedémning av bevarande och divergens i samuttryck mellan arterna,
vilket identifierade bade delade regulatoriska ndtverk och artspecifika
anpassningar. Analyserna avsldjade nedreglerade moduler kopplade till
utvecklingsprocesser, uppreglerade moduler involverade i abiotisk stressrespons,
och flera kandidattranskriptionsfaktorer som var direkt kopplade till reglering av
dessa stressrespons. Jamforelser mellan boreala angiospermer visade divergerande
response i centrala processer reglerade av kyla, mest noterbart i regleringen och
representationen av C-repeat Binding Factor (CBF)-transkriptionsfaktorer.
Responsmonstren for bade kyla och torka var i stor utstrackning delade mellan de
tva barrtrddsarterna, vilket tyder pa en hog grad av bevarande i deras
transkriptionella svar. Detta bevarande strackte sig dven till organisationen av
topologiskt associerade doméiner, diar en undergrupp av starkt bevarade
samuttryckta ortologer hittades pa samma position i bada arternas genom.

Sammantaget visar dessa analyser nyttan av att jamfora samuttrycksnatverk som
ett verktyg for att forsta bade bevarade och divergerade regulatoriska mekanismer,
och ger samtidigt nya perspektiv pa barrtradens resiliens i en féranderlig miljo.
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Introduction

Over the past few decades, advances in data science and bioinformatics have
revolutionised biological research. The rapid growth in computational power,
coupled with the development of efficient and more sophisticated algorithms and
high-throughput sequencing technologies, has made it possible to process and
interpret vast and complex biological datasets. As a result, genome assembly and
annotation have reached levels of quality and completeness that were previously
unattainable, even for species with exceptionally large and challenging genomes.
These developments have opened new opportunities to explore the genetic and
molecular bases of development, adaptation, resilience, and response to
environmental change.

In the context of anthropogenic climate change, such tools are particularly valuable
for studying long-lived and ecologically important species like conifers. Their large
genomes, slow growth, and environmental sensitivity make them both challenging
and critical subjects for understanding plant stress responses and adaptive
mechanisms.

This PhD thesis brings together computational and experimental approaches to
investigate how conifers respond to abiotic stress conditions such as drought and
cold. Using transcriptomics data and network-based analyses, the work aims to
uncover conserved and species-specific regulatory patterns underlying stress
tolerance. Together, these studies contribute to a broader understanding of conifer
abiotic stress response and provide resources that can support future forest
management and conservation strategies under a changing climate.

Norway spruce and Scots pine as a study system

In biology, model species are organisms selected for their experimental tractability,
typically having short generation times, well-characterised genetics, high quality
annotated genomes, and ease of cultivation and genetic manipulation. These
features, combined with extensive data resources and well-established research
communities, make model species powerful systems for investigating fundamental
biological mechanisms (Leonelli & Ankeny, 2013; Miiller & Grossniklaus, 2010). In
plant biology, Arabidopsis thaliana (L.) Heynh (Arabidopsis) is widely recognised as
the primary model system for plants (Meinke et al,, 1998; Yaschenko et al., 2024).
Its relatively small genome of around 135 Mbp (Lian et al., 2024), short generation
time of 4 to 8 weeks, and high degree of genetic conservation with other plant
species allows insights gained from Arabidopsis to be broadly translated across the
plant kingdom.



In contrast, Picea abies (L.) H. Karst. (Norway spruce) and Pinus sylvestris L. (Scots
pine) are long-lived gymnosperms with large, repetitive genomes of 17,7 Gbp and
20,3 Gbp, respectively (Paper II). Their generation times range from 25 to 60 years
and they do not reach sexual maturity for about 25 years. Despite this, these trees
have been researched relatively extensively as they are directly linked to our well-
being: They are the most abundant tree species in the boreal forest, the largest
terrestrial biome of our planet, where they provide essential ecosystem services,
sustain the forestry industry, support indigenous lifestyles, hold high cultural
importance, and represent the largest terrestrial carbon storage on earth
(Bradshaw & Warkentin, 2015; Garnett et al,, 2018; Johnson & Miyanishi, 2012;
Snyder et al., 2004). Economically, these trees are of high importance for several
countries around the world for their use in timber and pulpwood production. In
commercial Swedish forests alone, Norway spruce and Scots pine represent 42%
and 39% of the total forest standing volume (Kumar et al., 2021). In all of Europe,
Scots pine represents 20% of the forest area (Durrant et al., 2016).

Increased exposure to environmental changes makes boreal conifers even more
relevant for extensive research into gene regulation. Norway spruce has been
identified as particularly vulnerable to climate-related stressors due to its relatively
shallow root system and sensitivity to water deficits, making it a key species for
research on stress resilience and gene regulation under changing environmental
conditions (Caudullo et al., 2016; Lévesque et al.,, 2013). In contrast, Scots pine is
generally considered more drought-tolerant and exhibits a wider ecological range
across Eurasia (Durrant et al,, 2016). Despite these physiological differences, the
two species are phylogenetically related ggmnosperms and share a high degree of
genomic and functional similarity (Paper II), making them well-suited for
comparative studies. Analysing Norway spruce and Scots pine in parallel enables the
identification of both shared and species-specific gene regulatory mechanisms in
response to abiotic stress.

Gene regulation at a core level

Gene regulation is a fundamental component of the “central dogma” of molecular
biology, where DNA is transcribed into RNA, which in turn is translated into protein
(Crick, 1970). Transcriptional regulation controls when, where, and how actively
genes are expressed, and enables rapid responses to environmental changes
through appropriate signalling pathways. This process is driven by transcription
factors (TFs), proteins that bind to specific DNA sequences such as promoters and
enhancers. Promoters are located proximal to the transcription start site (TSS) of a
gene, whereas enhancers are often positioned far from the TSS and can increase
transcription of one or several genes (Zabidi & Stark, 2016). While promoter and
enhancer elements are often thought of as transcriptional activators, they can



equally act as repressors or silencers that decrease or block transcription (Duttke et
al,, 2024). Epigenetic modifications, including chemical changes to DNA or histone
proteins, can also influence transcription by altering how tightly DNA is packed,
thereby affecting the accessibility of genes to the transcriptional machinery.
Together, these mechanisms form a complex system that finetunes regulation of
gene activity and that enables flexible responses to internal signals and external
environmental cues.

Transcriptomics, the study of RNA expression patterns, provides a valuable
perspective into this transcriptional regulation. It enables the identification of genes
that are activated or repressed under specific conditions, offering insights into
cellular and physiological responses. While transcriptomics has some inherent
limitations (e.g., not capturing protein abundance or post-translational regulation),
it represents the level of the central dogma where we have the best current
technologies to perform accurate, quantitative and high throughput analyses, and
therefore remains central to systems biology approaches, particularly in species
where experimental tools are limited.

Why transcriptomics?

Transcriptomics captures gene expression at the messenger-RNA (mRNA)
transcript level, offering a snapshot of transcript abundance under specific
environmental or physiological conditions. While transcriptomic data does not
encompass regulatory events occurring at the translational or post-translational
levels, it does provide a direct means of examining the product of transcriptional
regulation. Given the size and complexity of conifer genomes, transcriptomics offers
a more practical alternative to whole-genome approaches. By focusing on just
expressed protein coding genes, it bypasses many of the challenges posed by large,
repeat-rich genomes.

Technological advances in sequencing have revolutionised our ability to study gene
expression. Early methods such as Sanger sequencing (Sanger et al., 1977) enabled
targeted analysis of individual transcripts. Later, high-throughput approaches such
as microarrays allowed genome wide surveys of transcript abundance, but were
limited in their range, sensitivity, and detection of lowly expressed or novel
transcripts (Bumgarner, 2013). RNA-Sequencing (RNA-Seq) has overcome many of
these limitations, expanding coverage of the transcriptome and increasing the range
of detectable expression (Giorgi et al., 2013; Ozsolak & Milos, 2011). Transcript
quantification using bias-aware tools such as Salmon (Patro et al, 2017), in
combination with the now fully assembled and annotated reference genomes for
Norway spruce and Scots pine (Paper II), the use of RNA-Seq enables robust
investigation of gene expression dynamics. This facilitates comprehensive



downstream analyses, including differential expression profiling, gene co-
expression network construction, and ortholog-based cross species comparative
genomics.

In conifers, which exhibit strong local adaptation with limited genomic divergence
(Wang et al,, 2020), transcriptomics can reveal important regulatory differences
that are not evident from the DNA alone (Krieger etal.,, 2020; McManus et al., 2010).
This is critical for uncovering the molecular basis of phenotypic plasticity and
response across environmental gradients (Yeaman et al.,, 2016). This provides a
foundation for investigating how conifers respond to environmental change and
supports efforts to enhance forest resilience through molecular insights.

Transcriptional networks

Transcriptional networks are a way of studying the expression dynamics of genes
across a range of conditions: they are systems-level representations of genes that
show similar expression patterns across multiple conditions, time points, or tissue
types. Within a transcriptional network, nodes represent genes, and edges (the
connection between nodes) represent the nodes with similarity in their expression
patterns. Edge weights reflect the strength of the expression similarity between
nodes.

Transcriptional networks can either be directional or non-directional. Directional
networks, commonly referred to as Gene Regulation Networks (GRNs), represent
known or predicted regulatory relationships between genes. They are typically
inferred with the use of bait genes, which are well-characterised genes, often TFs,
part of specific pathways with known targets. This directed approach has been
widely used for the identification of key genes in specific pathways (Schlitt &
Brazma, 2007). Another approach to generating transcriptional networks is the
construction of an undirected Gene Co-expression Network (GCN), which reflects
potential functional associations rather than known regulatory direction. In this
approach, no bait genes are used, but instead the network is constructed from
pairwise relationships among all genes across a given sample set (Aoki et al., 2007;
Liu et al, 2019), or from multivariate methods that estimate conditional
dependencies between genes (Magwene & Kim, 2004; Margolin et al., 2010). This
strategy provides a global overview of co-expressed genes, though its application to
large datasets can be highly computationally intensive. Genes showing similar
expression patterns across multiple samples, could suggest shared biological
function rather than coincidental patterns (Jiménez-Gémez, 2014). Using the “Guilt
by Association” principle, gene function of unknown genes can be predicted by
evaluating highly connected neighbouring genes that have known biological
functions (Liu et al., 2023; Wolfe et al., 2005). Particular attention is often given to



so-called hub genes, which are characterised by high connectivity within the
network, as they may act as key regulators of biological processes of the given
sample set (Dai et al,, 2018; Johnson et al., 2025; Yang et al., 2014). The expression
dynamics of these hub genes across conditions of the sample set can reveal
involvement in stress response, developmental timing, or tissues specific
specialisation, depending on the experimental setup.

Application of the Guilt by Association principle has highlighted transcriptional
network analysis as a powerful tool for exploring gene function and regulatory
mechanisms in plants, including for genes of unknown function (Proost & Mutwil,
2017). The approach enables systematic investigation of complex biological systems
and can broadly be divided into three categories (Rao & Dixon, 2019): First, they
facilitate the identification of regulatory relationships between TFs or other gene
regulators and their downstream targets, providing direct insight into gene
regulation (Cortijo et al, 2020; van Dam et al, 2017); second, transcriptional
networks can be used to link genotype with biochemical function by integrating
metabolic data and a network to predict involvement of genes in metabolic
pathways (Liu, 2015; Rydman et al, 2025; Wisecaver et al, 2017); third, by
performing comparative network analysis across multiple plant species, functional
annotations from well-characterised model species can be transferred to
unannotated orthologs (Vercruysse et al.,, 2020). Collectively, these applications
highlight the versatility of transcriptional network analysis. This thesis focusses on
the use of the undirected approach, both exploring species specific GCNs (Paper I)
and performing comparative analyses across multiple species (Paper II, III & IV).
The use of an undirected approach overcomes the limitations posed by the absence
of prior regulatory knowledge, which would enable the application of a GRN
approach.

A variety of gene inference approaches

The concept of gene networks was first introduced as “relevance networks” (Butte
& Kohane, 1999), where Pearson correlation was applied to identify relationships
among results from medical tests. This approach was later extended to gene
expression data with Mutual Information (MI) as a complementary method, marking
the origins of gene co-expression networks (Butte A], 2000). Subsequent
advancements in high-throughput transcriptomic technologies such as microarrays
and RNA sequencing required the application of more sophisticated inference
algorithms. These include methods based on different mathematical approaches
such as regression, MI, Bayesian network models or hybrid strategies that integrate
multiple methodologies, with each method having its own merits and limitations.

Correlation methods were the earliest methods used to infer expression similarity,
and they are still widely used today. They remain popular because they are



computationally efficient, easy to interpret, and have therefore been used as the
basis for many widely used plant co-expression databases (Obayashi et al., 2009).
Pearson correlation calculates the linear relationship of gene expression by
calculating the correlation between each gene pair and scoring the genes in the
network accordingly. Even though expression profiles are expected to mostly follow
a linear relationship (Daub et al., 2004), biological data is often noisy and linear
correlation methods might miss outliers or biological nuances. While linear
correlation works well for simple regulatory relationships such as activation and
repression, it will miss more complex patterns where a gene is expressed only when
multiple regulators are inactive, or when it responds differently to combinations of
regulators, or when regulatory effects occur with temporal delay. Spearman’s rank
correlation captures the monotonic relationships across the data, finding
relationships between genes based on the rank correlation coefficient (p) rather
than the magnitude of expression change (de Siqueira Santos et al., 2013). Spearman
is therefore less sensitive to outliers or a lack of strict linearity, but misses
relationships that are strictly linear.

Regression-based methods provide another versatile approach beyond regular
correlation methods for gene network inference. Regression methods allow the
identification of direct associations while accounting for the influence of other
genes. While regression methods have primarily been applied in the context of GRNs
to identify directed regulator-target relationships, they can also be adapted for the
construction of undirected GCNs (Lin et al.,, 2024). General linear regression models
how the expression of a single gene can be explained by the combined influence of
other genes, each being weighted based on the strength of its association. One
example of this is partial correlation, which uses the Gaussian Graphical Model
(GGM) to calculate the pairwise conditional dependencies between nodes, forming
an edge only when the nodes are conditionally dependent compared to other nodes
in the network (Lauritzen, 1996; Shutta et al.,, 2022). While straightforward, this
approach becomes unreliable in high-dimensional expression datasets, where the
number of genes far exceeds the number of samples. These issues are overcome by
the regularisation of regression models. Regularisation adds penalties to regression
models to shrink the data and produce more stable and interpretable results
(Schéfer & Strimmer). Least Absolute Shrinkage and Selection Operator (LASSO), or
L1 regularisation, applies a penalty that forces many regression coefficients to zero,
removing weaker connections and producing sparse networks that emphasize the
most important associations (Friedman et al., 2010; Tibshirani, 1996). L2
regularisation, also known as ridge regression, adds the sum of squared regression
coefficients as a penalty in order to minimise overfitting. Elastic NET (ELNET)
combines the L1 penalty with the L2 penalty to shrink the size of all coefficients,
effectively normalising the results (Zou & Hastie, 2005). This makes the model more
stable when predictors are correlated, which occurs often in gene expression data.
In addition to these established traditional regression methods, several more



sophisticated approaches have been developed to better handle the complexity of
gene expression data. Gene Network Inference with Ensemble of trees (GENIE3)
uses an ensemble of regression trees with random forests to predict the expression
of each gene in relation to all others (Huynh-Thu et al,, 2010). The importance of
each predictor gene is then used to rank edges, producing a network that can be
interpreted as a directed GRN or symmetrised into an undirected GCN. Trustful
Inference of Gene Regulation using Stability Selection (TIGRESS) also builds on
regression but incorporates stability selection by repeatedly resampling the data
and identifying only those edges that are consistently recovered, thereby increasing
the robustness of the inferred network (Haury et al,, 2012). Partial Least Squares-
based gene NETwork inference method (PLSNET) takes yet another approach, using
Partial Least Squares regression to reduce dimensionality of the predictors before
estimating gene to gene connections (S. Guo et al., 2016), which again is particularly
useful when working with thousands of genes but fewer samples.

A third approach for inferring expression similarity is based on information theory,
represented by MI methods. Here the concept of entropy (Shannon, 1948) is used to
measure the uncertainty or predictability of the expression of one gene across an
experiment. Entropy is low when gene expression remains relatively constant, and
entropy is high when gene expression fluctuates. MI quantifies how much
information is shared between two genes by measuring the reduction in
uncertainty. If two genes are highly co-expressed, knowing the expression of one
gene makes the other much more predictable, resulting in high MI. Several MI
methods exist to infer edges between nodes of a GCN. Context Likelihood of
Relatedness (CLR) normalises MI values by calculating the statistical likelihood in
context of the entire network, removing indirect influences and keeping interactions
that are significant (Faith et al.,, 2007). Another prominent method is the Algorithm
for the Reconstruction of Accurate Cellular Networks (ARACNE), which uses Data
Processing Inequality (DPI) by looking at triplets of genes to systematically remove
indirect connections and retaining only the most likely direct associations between
two genes (Margolin et al, 2006). Additionally, partial correlation also has a
mathematical link to information theory and can be interpretable as MI when
assuming a Gaussian distribution, as is done by PCor (Schafer & Strimmer).

Bayesian models use probabilistic reasoning to infer gene relationships by
combining observed expression data with prior knowledge, such as assumptions
about network sparsity, modularity, or preliminary correlation estimates from the
data itself. These methods estimate the posterior probability of connections,
providing a measure of confidence rather than a fixed threshold. Bayesian network
models, such as BANJO (Yu et al,, 2004) and BNFinder (Wilczynski & Dojer, 2009),
represent conditional dependencies between genes as directed edges, while
Bayesian Gaussian graphical models such as DBgraph (Mohammadi & Wit, 2015),
infer undirected networks based on posterior distributions of partial correlations.



These approaches are particularly useful when data are noisy or sparse, as they
explicitly account for uncertainty in network inference (Ni et al., 2022).

In short, there are many methods available to infer expression similarity, and the
optimal choice(s) depends on the characteristics of the data, such as distribution,
sample size, and noise level, as well as the biological question being addressed.
Independent studies have shown that no single algorithm outperforms others, but
that combining results from multiple methods often yields improved results by
mitigating the biases inherent to individual approaches (Marbach et al.,, 2012). This
principle is referred to as the “Wisdom of the Crowd” (Figure 1), which suggests
that consensus networks derived from diverse inference strategies are more likely
to capture underlying biological relationships. In conclusion, the key challenge is not
simply selecting a single inference method, but determining how to effectively
integrate, benchmark, and interpret the results in a biologically meaningful and
reproducible manner.

Figure 1 Wisdom of the Crowd concept, or “ask the audience”. Multiple answers to the
same question sketch the bigger and more complete picture closer to the truth.



Exploration of the network

After building a GCN, the next challenge is to make sense of the resulting “hairball”
ofinterconnected genes (Figure 2A). This involves statistically analysing how nodes
and edges are organised, identifying key regulators based on these statistics, and
grouping genes into modules that may represent shared biological functions. A
range of network metrics and clustering approaches can be used to characterise
these features.

Network statistics

Network topology measures provide valuable insights into the relative importance
of genes within the network. Metrics such as degree, PageRank, eigenvector, Katz,
betweenness, closeness, Laplacian centrality, and strength are commonly used, and
most are integrated in Seidr (Paper I). The majority of these statistical formulas
were initially developed for social network studies, but can as easily be applied to
GCNs.

Degree centrality is the simplest measure of the connectivity of a given node,
counting the number of edges directly linked to a gene (Liao et al, 2017). In
weighted networks, degree centrality can be extended to the strength centrality
metric, calculated by the sum of edge weights (Candeloro et al., 2016). This reflects
the overall level of co-expression, providing a simple yet informative measure of
how strongly a gene correlates with other genes in the dataset.

PageRank can evaluate the importance of a given gene based on the connectivity of
its neighbours, effectively identifying genes that are influential within densely
connected network regions (Brin & Page, 1998). Eigenvector centrality captures
similar information but places more emphasis on nodes connected to other highly
connected genes, identifying globally influential nodes (Iacobucci et al., 2017). Katz
centrality extends this further by incorporating direct and indirect paths, allowing
detection of genes that have network-wide influence even if they are not locally
dense hubs (Katz, 1953).

Betweenness centrality highlights genes that frequently lie on the shortest paths
between other nodes, identifying potential regulatory intermediates that link
otherwise distinct modules or pathways (Bavelas, 1948). Closeness centrality
instead measures how effectively a node can reach all other nodes in the network,
with high-closeness genes potentially acting as information distributors that can
rapidly influence multiple targets (Newman, 2010). Laplacian centrality quantifies
how much a gene contributes to the overall connectivity by evaluating the effect on
the structure of the network after removal of the gene. Genes with high Laplacian



centrality cause a measurable disruption when removed, highlighting their
importance for network integrity (Qi et al.,, 2012).

Genes that score highly across these metrics are often referred to as hub genes. In
GCNs, hub genes can represent TFs, signalling proteins, or genes coding for
metabolic enzymes that coordinate multiple downstream targets. Within modules,
intramodular hubs maintain the coherence of co-expressed gene sets and often play
key regulatory roles.

Module detection

While node-level statistics highlight hub genes, module detection reveals the
collective organisation of the network (Figure 2C). GCNs typically exhibit a modular
structure, composed of groups of genes with highly correlated expression patterns.
These modules can be identified using community detection algorithms such as
Louvain (Blondel et al,, 2008), Leiden (Traag et al., 2019), and InfoMap (Rosvall et
al.,, 2009).

The Louvain algorithm partitions the network by iteratively grouping nodes to
maximise modularity. Conceptually, it can be viewed as a random walker approach,
where nodes are assigned to communities that a hypothetical walker is more likely
to remain within, capturing regions of dense intra-community connectivity. The
Leiden algorithm improves upon Louvain by providing more stable and well-defined
partitions, while also being computationally faster. These attributes make Leiden
particularly suitable for large scale transcriptomic networks. Infomap, in contrast,
uses information theory to identify modules by compressing the paths of random
walks on the network, effectively finding partitions that minimise the expected
description length of the path of the walker and highlighting tightly connected
subnetworks.

Modules often correspond to sets of co-regulated genes involved in related
biological processes or pathways (Liu et al,, 2019; Usadel et al,, 2009), embodying
the Guilt by Association principle. Once defined, these modules provide a basis for
downstream analyses, such as identifying module-specific hub genes or testing the
enrichment of known biological functions using functional annotations such as Gene
Ontology (GO) or the presence of protein domains or genes assigned to biochemical
pathways.

Visualisation, functional analyses and candidate gene identification

Visualisation is a crucial step in interpreting GCNs, as it translates complex
mathematical relationships into interpretable patterns. Network layouts can reveal
the distribution of hubs, the boundaries between modules, and the interactions of
different modules and genes. Integrating differential expression values such as logz
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fold changes and adjusted P-values, adds an additional layer of information by
highlighting modules or subnetworks associated with change in conditions or
treatment (Figure 2B). Even in densely connected or “hairball-like” networks, such
overlays can uncover regions of biological interest.

Significant co-expression does not necessarily mean biological relevance (Usadel et
al,, 2009), it is a combination of all components discussed before that strengthens
the interpretation.

Gene co-expression
network B Differential expression c Expression clusters
“Hair-ball”

Figure 2 Layers of gene co-expression network analyses. A) Un-edited “hair-ball” of a gene
co-expression network (GCN) with nodes as genes and their connection as edges. B) GCN
coloured by differential expression values, with blue as significantly down-regulated and red
as significantly up-regulated. Heatmaps showing extracted modules of co-expressed genes. C)
GCN coloured by Leiden-cluster identification. Plots showing eigenvector expression of four
different modules.

Comparative network analysis

An individual GCN captures gene-gene relationships as they appear in a defined
experimental context, such as a single tissue type under specific conditions.
Comparative network analysis expands this approach by examining how co-
expression patterns differ across conditions, tissues, or species (van Dam et al,,
2017). Through these comparisons, it becomes possible to identify conserved
regulatory processes, context-specific rewiring, and candidate regulators that are
shared or unique to specific tissue types, conditional responses or phylogenetic
lineages (Jiang et al., 2016; Ovens, Eames, et al.,, 2021).

The most basic approach in comparative GCN analysis is to infer separate networks
for each condition or species and simply compare their global topological metrics
(Eidsaa et al., 2017). As an example, one might construct networks under two
distinct treatments and then examine summary statistics such as connectivity,
clustering coefficient, edge density or degree distributions. Although conceptually
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straightforward, these approaches are limited in resolution, since they do not
encompass changes to specific functional modules or genes, and are highly sensitive
to network inference and thresholding procedures (Elo et al., 2007).

To gain greater biological insight, module-based comparative methods such as
Differential Co-Expression (DiffCoEx, (Tesson et al, 2010), Module Differential
Analysis (MODA, (Li et al., 2016) and related frameworks were developed. These
approaches build upon weighted co-expression methods such as Weighted Gene Co-
expression Network Analysis (WGCNA, (Langfelder & Horvath, 2008) to identify
modules based on connectivity measurements and subsequently quantify how these
modules differ across conditions. Differential module analysis can reveal whether a
co-expression module becomes more or less cohesive under specific conditions,
whether modules split or merge between them, or whether eigengene correlations
between modules are rewired (Erola et al,, 2019). These types of comparisons yield
directly interpretable results since modules often link to biological pathways.
However, mapping modules between networks remains challenging as their
composition can drift and correspondences are not always one-to-one, especially
across species.

Node-level and edge-level differential co-expression methods take a complementary
perspective by focusing on individual genes or gene-gene pairs whose correlation
structure changes significantly across different networks. Rather than comparing
modules or global topology, these methods assess the statistical difference in
correlation or MI for each gene pair across networks. Approaches such as Gene Sets
Net Correlations Analysis (GSNCA) (Rahmatallah et al., 2013) evaluate entire gene
sets for differential co-expression, while others test specific edges for gain, loss, or
sign reversal of correlation (Yu et al., 2011). This fine-grained resolution makes it
possible to identify key regulatory genes that change connectivity between the
different networks suggesting altered functional roles or responsiveness (Savino et
al,, 2020). Nevertheless, the large number of possible gene pairs poses statistical and
computational challenges, and their interpretation often requires subsequent
aggregation into functional modules or pathways (McKenzie et al., 2016; Yu et al,,
2011).

More recently, comparative network research has moved toward network
alignment and neighbourhood-based methods that operate at an intermediate
structural level. Instead of comparing global network properties, these methods
focus on the local environments of each gene. The concept of Node Vicinity Networks
(NVNs) (Mutwil et al., 2010) with NetworkComparer and related embedding-based
approaches, such as Juxtapose (Ovens, Maleki, et al.,, 2021), represent each gene by
the pattern of its surrounding connectivity, enabling direct comparison of these local
structures across conditions or species. In cross-species contexts, neighbourhood
conservation can be quantified by assessing the similarity of orthologous gene
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neighbourhoods, as implemented in comparative frameworks such as Comparative
analysis of Plant co-Expression networks (ComPlEx, Netotea et al, 2014) and
OrthoClust (Yan et al,, 2014). These methods capture high-order structural changes
that module- or edge-based approaches may miss and are particularly valuable for
identifying conserved regulatory architectures in species where orthology is
imperfect or network topology is only partially conserved (Ryan et al,, 2012).

Comparing networks across species, can yield deeper biological insight into the
regulation of systems in species that are less well understood and that lack
functional annotations of genes or information on regulatory mechanisms (e.g.
knowledge of which genes are regulated by a TF). For example, the model plant
Arabidopsis has a large proportion of its genes experimentally verified in laboratory
conditions, providing a rich functional reference. Mappings networks from non-
model species to Arabidopsis via best hit orthology (for example, using DIAMOND
BLAST) allows the transfer of functional annotation, module context or additional
information such as TF-target gene interaction or protein-protein interaction.
Orthologous genes pairs can then be placed within comparative networks and
analysed for conservation of neighbourhood structure or rewiring of regulatory
context.

One must be cautious, however, when interpreting such sequence similarity based
orthology mappings. Orthology assignments can be uncertain, particularly in gene
families that have undergone lineage-specific expansion or duplication, and such
evolutionary events may lead to functional divergence. In roughly half of
Arabidopsis-poplar ortholog comparisons, (Netotea et al,, 2014) reported that the
most sequence-similar ortholog is not necessarily the functional ortholog when co-
expression conservation is additionally considered. To identify the correct
functional orthologs, it is therefore essential to consider a combination of co-
expression values and orthology information.

Regardless of the chosen methodology, valid comparative analyses rely critically on
consistent data processing and network inference. Differences in normalisation,
filtering, or parameterisation can easily produce artificial discrepancies between
networks that are unrelated to biology (Johnson & Krishnan, 2022). Therefore,
datasets must be processed using harmonised pipelines, typically including
comparable gene sets, normalisation strategies, and comparable and preferably
identical inference methods and filtering thresholds.
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The importance of data quality

Constructing biologically meaningful GCNs begin not with the algorithms, but with
the data itself. Biological data is inherently noisy and heterogenous, where outliers
are expected and both linear and non-linear dependencies shape expression
relationships. Sample heterogeneity is both a strength and a challenge in co-
expression analyses. Diverse samples allow the network to capture broader
transcriptional programs, but excessive heterogeneity, such as mixing tissues, or
several conditions, can obscure condition-specific patterns and inflate noise
(Ballouz et al., 2015). Thoughtful experimental design that balances within-group
consistency and between-group contrast yields more interpretable co-expression
modules. In practise, richer more structured experimental setups, encompassing
multiple time points, treatments, or genotypes, tend to produce networks with
modules that correspond more clearly to biological processes. Variation can also
arise from technical influences including sequencing depth, preprocessing steps,
mapping accuracy, and normalisation. Low coverage or uneven sampling can lead to
spurious co-expression, particularly among lowly expressed genes. Filtering out
low-abundance transcripts and applying appropriate normalisation steps can help
minimise such biases.

The quality of underlying genomic resources also shapes network reliability.
Incomplete or fragmented reference genomes, annotation gaps, or transcriptome
assemblies with missing isoforms all constrain the detection of true co-expression.
Likewise, uneven sampling for instance, underrepresentation of certain tissues or
conditions, limits the interpretability of identified modules. High-quality, well-
annotated reference genomes and comprehensive sampling thus provide the
foundation for accurate inference.

Ultimately, the adage “garbage in, garbage out” is exceptionally relevant in co-
expression analysis. The interpretability and biological relevance of inferred
networks depend fundamentally on data quality, consistency, and experimental
design. Investing effort in careful data preprocessing, adequate sampling, and
rigorous quality control not only improves network accuracy, but also ensures that
downstream analyses yield insights that truly reflect the underlying biology.

The data used in this thesis consist of gene expression profiles from Norway spruce
and Scots pine subjected to cold and drought stress. All expression data were
mapped to the latest genome annotations provided by Paper II, providing updated
gene models that improve the accuracy of transcript quantification and ensure
reliable construction of GCN for subsequent comparative analyses.
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Abiotic stress response in Norway spruce and Scots pine

In temperate and boreal regions, plants increasingly face cold and drought stress
(Seidl etal.,, 2017). Both impose osmotic and oxidative stress, triggering overlapping
transcriptional and physiological responses (Kim et al., 2024). In contrast, stresses
like heat and salinity are less representative of the environmental conditions faced
by conifer species in boreal regions. While heat is still increasing due to ongoing
climate change, periods with extraordinarily high-temperatures remain rare and are
usually of short duration. Conifers generally withstand warmer temperatures with
water availability, though in combination with drought this might become a problem
(D’Orangeville et al., 2018).

Plants have evolved several mechanisms to deal with abiotic stress. When first
perceived, they initiate a complex cascade of signal transduction pathways that
covert the external stimulus into an intracellular response. This cascade includes the
production of Reactive Oxygen Species (ROS), the accumulation of Abscisic Acid
(ABA), the activation of secondary messengers such as calcium ions (Ca?*), and
phosphorylation relays mediated by protein Kkinases (Xu et al, 2022). These
signalling components collectively induce changes in gene expression, physiological
and developmental responses that enhance the ability of the plant to cope with
stress. Key regulators of these gene expression changes, include several families of
TFs. In the context of abiotic stress, the main TF families include or C-repeat Binding
Factors or Dehydration-Responsive Element Binding factors (CBF/DREBs),
NAM/ATAF/CUC (NAC), WRKY, Myeloblastosis (MYB), APETALAZ2/Ethylene
Response Factor (AP2/ERF), and basic leucine Zipper (bZIP). Genes within these
families are excellent targets for breeding programs and forestry (Kim et al., 2024).
However, most knowledge is based on model herbaceous, annual angiosperms and
it is not known how well these results translate to conifers, which have been
separated, and independently evolving for hundreds of millions of years.

Cold stress response and regulation

Upon exposure to colder temperatures, plants limit growth-related processes in
order to prioritise a cold acclimation response. Depending on what species of plant,
the degree of cold tolerance varies (Rihan et al, 2017). Plants can grow in
environments where cold occurs either on a diurnal or seasonal basis, and species
have adapted to these climatic patterns (Preston & Sandve, 2013). Although certain
genetic responses to cold are conserved across species, variation in timing and
duration of cold exposure have driven the evolution of different adaptive strategies.
Even among temperate species that experience seasonal cold (like the ones
discussed in this thesis), different evolutionary outcomes have emerged that induce
different mechanisms to cope with prolonged low temperature conditions.
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Temperate annual species have evolved to align their growth and reproductive
cycles with the more favourable conditions in spring and summer (King & Heide,
2009). Spring annuals such as the A. thaliana Col-0 accession have evolved so that
germination reproduction and senescence occur during the warm seasons. In
contrast, winter annuals such as the A. thaliana Ost-0 accession, germinate during
autumn, are dormant during winter, and flower in spring (Hemming & Trevaskis,
2011). Species that undergo any type of dormancy during winter can overcome
these repressive mechanisms by a process known as vernalisation. This process re-
initiates growth or flowering in many temperate species after prolonged cold
exposure (Bouché et al,, 2017; Chouard, 1960). For winter annuals, vernalisation is
an important process as they are subjected to longer periods of cold and it is
important that resumption of growth does not occur prematurely. Temperate
perennials show similar seasonal strategies. Herbaceous perennials experience
vernalisation, become cold and frost tolerant and resume growth from dormant
meristems after winter. Woody perennials can delay flowering for years until
sufficient carbon reserves have accumulated. Additionally, many temperate and
boreal trees enter endodormancy to prevent new growth during winter (Lloret et
al,, 2018; Maurya & Bhalerao, 2017).

To prepare for longer periods of cold exposure, such as during winter, plants go
through the physiological and molecular process of cold acclimation. Lower non-
freezing temperatures (<18 °C), induce changes in the fluidity of cellular
membranes, subsequently changing water potential within cells and disturbing
ionic balances (Sardoei & Fazeli-Nasab, 2025). Lipid remodelling by Fatty Acid
Desaturates (FADs) during cold stress alters membrane properties making them
more rigid (Murata & Los, 1997). This chemically induced membrane rigidity
enhances electron transfer to oxygen increasing the production of ROS, in addition
to elevated cytosolic Ca?* levels and regulation of hormone signalling (Orvar et al,,
2000; Xu et al., 2022). While ROS can be harmful to cellular structures and functions,
plants have evolved sophisticated antioxidant systems to moderate their
accumulation and mitigate oxidative damage (Baxter etal., 2013; Huang etal., 2019).
ROS and calcium-binding proteins enhance cold tolerance by regulating specific
Mitogen-Activated Protein Kinases (MAPKs) through phosphorylation of threonine
and tyrosine residues, interacting with Inducer of CBF Expression 1 (ICE1) to
initiate the ICE1-CBF (C-repeat binding factor) transcriptional cascade (Figure 3)
(Jalmi & Sinha, 2015; Yuan et al,, 2018).

Additionally, Ca®* is perceived by proteins such as Calmodulin (CaM), CaM-like
proteins (CMLs), Calcium-Dependent Protein Kinases (CDPKs), and Calcineurin B-
Like protein (CBLs), which directly contribute to the regulation of CBF and
downstream cold-regulated gene (COR) expression (Atif etal., 2019; Satyakam et al.,
2022). In Arabidopsis, the circadian clock also plays an important role in cold stress
response regulation. Circadian Clock Associated1l (CCA1l) and Late elongated
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Hypocotyl (LHY) proteins act as positive regulators of CBF expression during the
morning-loop, promoting cold tolerance at dawn (Eriksson & Webb, 2011). In
poplar, LHY has also been shown to be a promoter of cold hardiness, indicating that
this regulatory mechanism could be conserved across plant lineages (Ibafiez et al.,
2010). During prolonged cold exposure, the evening-phased clock component
Timing Of Cab expressionl (TOCI1) is down-regulated, increasing levels of LHY,
subsequently resulting in higher expression of CBF (Bieniawska et al., 2008; Ramos
etal, 2005).

In Arabidopsis, transcriptional changes to promote cold tolerance are initiated by
ICE1, a MYC-type bHLH transcriptional activator located upstream of the CBF genes
(Chinnusamy et al., 2003). The CBF/DREBs regulons then coordinate the activation
of numerous genes linked to metabolic pathways, stress, signalling and protective
cellular functions through Dehydration-Responsive Element/Cold-Responsive
element or C-repeat (DRE/CRT) (Chinnusamy et al., 2007). Homologs of both ICE1
and CBF genes are present across many plant lineages, including gymnosperms,
where CBF-like genes in conifers show strong cold-induced expression suggesting
that they contribute to freezing tolerance (Vergara et al.,, 2022).

Regulation of drought stress response

Water availability is one of the key factors for plant growth, productivity and
survival. Water is taken up from the soil through the roots and transported to the
leaves via xylem, where transpiration creates a negative tension that pulls water
upward. This movement of water is maintained by a negative gradient in water
potential, from higher potential in soil and roots to lower potential in the leaves, and
is explained by a process described as cohesion-tension theory (Dixon, 1914).

Under drought conditions, water potential declines throughout the plant, increasing
tension in the water column continuum. If the tension within the xylem surpasses a
critical threshold, air can be drawn into the water column, causing cavitation. The
resulting blockage of water flow leads to hydraulic and symplastic failure that may
result in plant desiccation and even mortality (Choat et al., 2018; Sperry & Tyree,
1988). Structural traits such as organ volume and water storage capacity strongly
influence hydraulic functionality to withstand such stress (Brodribb & Cochard,
2009; Hubbard et al., 2001; Powers et al., 2020; Sperry et al., 2008). In trees, the long
transport pathway between roots and canopy increases the risk of hydraulic failure,
as greater height is associated with more negative water potential required to
maintain water flow during drought (McDowell et al., 2008).

To prevent cavitation, plants actively regulate stomatal aperture on the surface of

the leaves. Stomata sense both leaf water potential and environmental cues such as
light, temperature and humidity, and respond dynamically by adjusting their
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aperture accordingly. During drought conditions, closure of the stomata reduces
transpiration, protecting the xylem from cavitation, but this simultaneously limits
COz uptake, reducing photosynthetic carbon assimilation and growth and
potentially leading to carbon starvation (Anderegg et al,, 2019; Cowan & Farquhar,
1977; Hubbard et al., 2001). The timing and degree of stomatal closure vary across
species, reflecting different drought survival strategies that likely stem from
evolutionary trade-offs (Brodribb & McAdam, 2013; Brodribb et al., 2014). In
anisohydric species, stomatal closure occurs after a prolonged decline in water
potential and such species are, therefore, more susceptible to hydraulic failure (Sade
et al, 2012). Their greater degree in stomatal plasticity allows anisohydric species
to occupy drought-prone areas as they can maintain a higher productivity (Almeida-
Rodriguez et al.,, 2010). In contrast, stomatal closure in isohydric species occurs
early and thereby maintains relatively stable leaf water potentials, avoiding critical
xylem tensions and cavitation during drought conditions. Scots pine is a typical
example of this isohydric hydraulic behaviour, maintaining stable needle water
potential even during soil drying (Irvine et al., 1998; Salmon et al.,, 2015). Similarly,
Norway spruce displays strongly regulated stomatal conductance and limited
hydraulic plasticity, consistent with its high vulnerability to xylem embolism (Arend
etal, 2021; Kurjak et al., 2012).

Stomatal behaviour is tightly coupled to ABA-signalling, a central hormonal pathway
in drought response (Yamaguchi-Shinozaki & Shinozaki, 2006). Under declining
water availability, ABA accumulates in guard cells, where it modulates ion fluxes
through plasma membrane channels, leading to turgor loss and stomatal closure
(Murata et al, 2001; Pei et al, 2000; Schroeder & Hagiwara, 1990). The exact
mechanism that causes drought-induced ABA accumulation is still unclear, but
several models in different plant species have been proposed. These include the
reduction of ABA catabolism (Z. Wang et al., 2018), increased transport of ABA
through the shoot (Long et al,, 2019), and the hydrolysis of conjugated ABA-GE
(ABA-glucose ester) by beta-glucosidase AtBG1 (Lee et al., 2006). After sufficient
accumulation, ABA binds to the Regulatory Component of ABA Receptors
(RCARs)/PYR/PYL (Pyrabactin Resistance 1/ PYR1-like), inhibiting group A 2C-type
protein phosphatases (PP2Cs). This inhibition allows activation of Subclass III SNF1-
Related protein Kinases 2 (SnRK2s), which in turn phosphorylate and activate ABA-
Responsive Element Binding proteins AREB/ABF (ABRE binding factor). These
AREB/ABFs bind to ABA-Responsive Elements (ARBEs) in promoters of stress-
inducible genes, initiating the transcription of downstream drought responsive
genes (Figure 3) (Joshi et al,, 2016; Nakashima et al., 2014; Singh & Laxmi, 2015).

In parallel to this ABA-dependent pathway, ABA-independent pathways induce
other Cis-Regulatory Elements, such as DRE/CRT, to promote drought-responsive
genes (Kasuga et al,, 1999; Shinozaki & Yamaguchi-Shinozaki, 2000). DRE/CRT is
specifically activated by the cold-response DREB/CBF regulons, DREB2A and
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DREB2B, which act under osmotic stress (Agarwal et al.,, 2006; Nakashima et al,,
2000). These interactions highlight the cross-talk between pathways involved in
drought, salinity and cold stress responses (Roychoudhury et al., 2013; Seki et al,,
2002). Additional TFs, including MYB/MYC, WRKY, NAC, and NF-Y families, act
either downstream of ABA signalling cascades or in coordination with independent
osmotic stress pathways. They are involved in the synthesis of osmolytes,
detoxification enzymes, and structural proteins such as Heat Shock Proteins (HSPs)
and Late Embryogenesis Abundant (LEA) proteins that stabilize cellular
components under dehydration stress (Singh & Laxmi, 2015). Collectively, these
transcriptional networks form an integrated regulatory system that enables plants
to perceive, signal and mitigate drought induced damage.

Stress perception

Cold Drought
Signal transduction
ca2+ ROS Circadian ABA ABA-independent
MAPK cascade Ca2+
CDPKs LY  Cccal PYR/PYL/RCAR
ICE1 PP2Cs
Calt/CiLs CDPKs
CBFuY/ SPRIC
DREB1D NAC
L WRKY  NF-Y MVB/MVC
CBF2/DREB1C bZIP
o NACR
DRE/CRT W-box MYBR/MYCR
CBF3/DREBIA  CBF1/DREBIB CCAAT=box
ABRE

Gene expression

Metabolic & physiological response

CORs antioxidants LEA proteins

aquaporins, ion transporters Osmolytes HSPs

Figure 3 Summary of key regulators activated during cold and drought stress in plants.
Based on Hirayama & Shinozaki, 2010; Raza et al,, 2020; Singh & Laxmi, 2015.
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In summary, abiotic stress responses arise from the coordinated activity of
numerous regulatory components, many of which act in both cold and drought
conditions while others function in a more stress-specific and also species-specific
manner. Understanding how these components interact, and how they differ or are
conserved across different tissues or species, requires approaches that move
beyond single-gene analyses. GCNs offer a powerful framework for identifying
groups of genes that act together under specific conditions and for highlighting
potential key regulators that are unique or in common. When combined with
comparative network analyses, GCNs also provide a way to evaluate how expression
patterns are conserved across species, allowing for the potential identification of a
conserved response to abiotic stress. Applying these methods to conifers is
particularly compelling given their large and newly annotated genomes, long life
cycles, and remarkable resilience to environmental stressors. By integrating GCN-
based approaches, this thesis aims to advance our understanding of the regulatory
architecture of abiotic stress responses in Norway spruce and Scots pine, and
provide a foundation for interpreting how these regulatory systems contribute to
conifer adaptation and stress tolerance.
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Materials and Methods

This study involved multiple species, however for this thesis the primary focus was
on the conifers Picea abies (L.) H. Karst (Paper I - IV) and Pinus sylvestris (L.) (Paper
II - IV). Other species used during the thesis include Arabidopsis thaliana of the Col-
0 (Columbia) accession, Arabidopsis thaliana of the Ost-0 (Osthammar) accession,
Populus tremula, and Betula pendula, which are all part of Paper IIL

The abiotic stress conditions the plants were exposed to were replicated for each
species in Papers I to IV. In Paper III, data were derived from the first four cold
stages of the experimental design in Figure 4 and replicated for each species,
focusing exclusively on root tissue.

Detailed descriptions of the experimental design, RNA extraction, -sequencing and -
processing, quality reassurance, and paper-specific analyses are found in the
respective papers. This thesis chapter only discusses the core methods to provide
sufficient context.

Exposure to abiotic stress conditions

In the drought experiment, Norway spruce and Scots pine seedlings were grown
under long-day conditions (16 h light, 20 °C), with soil moisture monitored as field
capacity (FC), with 80% FC representing well-watered control conditions. Drought
stress was induced by withholding water, reducing FC to 60%, 40%, and 30%
(Figure 4A). The 30% FC condition, considered a mild, non-lethal drought, was
maintained for seven days (30%7d) with limited watering. Water was then withheld
entirely to induce severe drought, characterised by visible photosynthetic
dysfunction (Collapsed) and maintained for two days (C2d). After experiencing the
severe drought conditions, seedlings were rehydrated back to 80% FC. Needle and
root samples were collected from the most recent shoot and from fine roots of the
seedlings at each of these drought stages.

In the cold stress experiment, control samples were taken after a two-week growth
period at 18 °C/ 15 °C light/dark long-day conditions (16 h light, 20 °C). Seedling
were gradually acclimated from 18 C ° to 5 °C still maintaining a 16-h long-day
period (Figure 4B). Needle and root samples were then collected after 6 h, 24 h, 3
days, and 10 days of exposure to 5 °C. Following acclimation, seedlings were
transferred to -5 °C, and another set of samples were taken after 6 h, 24 h, 3 days,
and 10 days.

In both experiments, samples were frozen with liquid nitrogen immediately after
collection, and stored at -80 °C before RNA-extraction.
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Figure 4 Experimental design of drought and cold experiments in Norway spruce and
Scots pine. Replicated samples were taken at each dot on the line-plot. A) Experimental
design of drought experiment. B) Experimental design of cold experiment.

From stress to sequences: Transcriptome construction

RNA was extracted from the abiotic stress samples using the CTAB method (Chang
et al,, 1993) with the following modifications: 1 mg/mL of proteinase K was added
to the lysis buffer, ground samples were incubated for 10 min at 65 °C before adding
the Chloroform:Isoamyl Alcohol (Ch:IAA). Samples were precipitated for 1 h by
addition of 2X volume of EtOH at 4 °C, after which RNA was harvested by
centrifugating at 14.000 rpm for 20 min at 4 °C. Purification of the samples was
performed using the RNeasy mini kit (Qiagen, Hilden, Germany). Additionally,
DNase Digestion was performed using the RNase-free DNase set (Qiagen) with a
modified incubation time of 30 min. After extraction all samples were assessed for
quality before being sent for sequencing at Novogene.

Paired-end (2 x 126 bp) sequencing was performed using an Illumina HiSeq 2500

platform. RNA-Seq data was pre-processed and analysed as follows. The quality of
the raw sequencing reads was first assessed using FastQC (Andrews, 2010).
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Ribosomal RNA (rRNA) contamination was then removed using SortMeRNA v1.9
(Kopylova et al., 2012) with the default rRNA sequence databases provided with the
software. Sequencing adapters were removed, and low-quality bases trimmed using
Trimmomatic v0.32 (Bolger et al,, 2014). A second quality assessment with FastQC
confirmed no technical artefacts were introduced during pre-processing.

Transcript quantification was performed using Salmon v0.11.3 (Patro et al,, 2017),
performing pseudo-alignment the pre-processed reads to the updated Norway
spruce and newly generated Scots pine reference genomes (Paper II). The resulting
output was subsequently processed to generate count data, giving quantitative
information on transcript abundance summed at the gene level. These count data
were assessed by using Principal Component Analyses (PCAs) to visualise sample
relationships. Finally, read counts were normalised using the Variance-Stabilizing
Transformation (VST) implemented in the DESeq2 package v1.16.1 (Love et al,
2014), correcting for the mean-variance relationship between samples.

The VST count data facilitated downstream analyses such as differential expression
analysis of the genes per experiment, including the visualisation of expression in
heatmaps. Differential expression analyses were conducted for all experiments
using a standardised workflow to ensure comparability between treatments and
species. The default thresholds set for the selection of differentially expressed genes
was at a P-adjusted value below 0.01 and an absolute logz fold change of 2. VST
values were also used for co-expression network analyses, with additional filtering
steps applied where required for specific methods, as detailed in respective
chapters.

Seidr: A wisdom of the crowd approach to network inference

The Seidr toolkit efficiently generates crowd (aggregate) co-expression networks
using a collection of well-established inference algorithms (Paper I). A VST count
matrix filtered to exclude genes with zero-variance, was used as input. A number of
different inference algorithms were selected for network inference. The outcome of
each algorithm can vary, as some might produce networks that have edges with edge
weights of 0, whereas some methods might produce a fully dense network
containing an edge weight for each possible edge in the network.

Each algorithm produces an individual network, which can be aggregated into a
consensus (crowd) network using the Inverse-Rank Product (IRP) method (Zhong
etal, 2014) (Figure 5). This non-parametric approach mitigates differences in edge-
weight distributions among networks by ranking edges within each network
independently (with the strongest edge ranked as 1) and calculating a combined
IRP-score for every edge across all methods. This results in a fully dense aggregated
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network, meaning each possible connection in the network has a score, therefore it
also includes a high degree of technical noise.

To reduce this noise, Seidr implements the backbone method (Coscia & Neffke,
2017), which assumes a binomial distribution of edge weights and applies arbitrary
cut-offs (typically 1 to 10%) to retain only the top-ranking edges. Networks
generated at each cut-off are usually evaluated for quality by using a golden
standard, comparing known True Positive (TP) and True Negative (TN) edges to
those retained in the backbone network, and summarising performance with an
Area Under the Curve Ratio (AUCR) score. However, since no such gold standards
were available for Norway spruce and Scots pine, network quality was instead
assessed using Seidr’s internal threshold method, which evaluates network
properties such as the number of edges and nodes, the R? fit of the degree
distribution to a scale-free model, and the average clustering coefficient. This
method should however be used with caution since scale free networks are rare, or
atleast their prevalence is debated (Broido & Clauset, 2019). Additionally, Seidr can
calculate various centrality metrics on the filtered network to give a measure of
similarity between nodes or edges.

Correlation
Pearson, Spearman Backbone
" AUCR Stats
Regression Aggregate PageRank, Katz,
TIGRESS, PLSNET, ..., GENIE3 ..., Strength
Threshold
Mutual Information SFD/ACC
CLR, ARACNE, ..., PCor

Figure 5 Seidr pipeline. Starting with the various inference algorithms, one can pick and
choose which ones to use. Each individual network is then aggregated with seidr aggregate
and one of two threshold method can be applied. Seidr stats will then calculate centrality
metrics on the filtered network.
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Comparing species with ComPIEx

Comparative co-expression network analysis to identify functionally conserved
gene relationships across species, was performed using ComPIEx (Comparative
analysis of Plant co-Expression networks; Netotea et al., 2014). For this method, VST
matrices were filtered to exclude genes with zero-variance and genes below an
arbitrary density threshold. Individual co-expression networks were first generated
for each species by calculating pairwise gene expression correlations using Pearson
correlation coefficients. In these networks, genes were represented as nodes, and
edges indicated the strength of their co-expression. To enhance correlation
robustness and minimise the effect of outlier values, Mutual Ranking (MR) was
applied (Obayashi et al., 2009), following the same pipeline as used by PlaNet
(Proost & Mutwil, 2017). Networks were subsequently pruned by applying a density
threshold of 0.03, retaining only the top 3% of the strongest connections.

Orthologous gene pairs were identified using OrthoFinder v2.5.2 results (Emms &
Kelly, 2019) from Paper II, where genes were assigned to their orthogroup based
on protein sequence similarity. To assess the degree of regulatory conservation,
each orthologous gene pair (APA and AFS), the co-expression neighbourhood of gene
APA in Norway spruce was mapped to its corresponding orthologous neighbours of
gene APS in the Scots pine network (Figure 6A). Overlap between the orthologous
neighbourhoods of gene APA and APS was evaluated statistically using a bidirectional
hypergeometric test, quantifying the likelihood that the observed overlap occurs by
chance. This produced two P-values, one for each species background network.
Following a False Discovery Rate (FDR) correction, gene pairs were classified as co-
expressologs only when both adjusted P-values were below 0.1, indicating
significant reciprocal conservation of co-expression patterns and neighbourhoods.
In cases where no orthologous neighbours were found, the test was omitted, and a
default P-value of 1 was assigned.

The resulting ortholog comparisons were compiled into a summary file listing gene
identifiers, number of neighbours, shared orthologous neighbours, and associated
FDR corrected P-values. In the case of more than two species comparisons (Paper
III), co-expressologs consistently showing significant co-expression overlap across
all pairwise species comparisons were grouped into cliques (Figure 6B), reflecting
conserved regulatory modules. As multiple cliques could be associated with a given
orthogroup, one representative clique was selected for further analysis. Selection
was based on the lowest P-adjusted value mean of a clique per orthogroup,
prioritising the strongest overall co-expression.
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Figure 6 Conceptual representation of the Comparative analysis of Plant Co-Expression

networks (ComPIEx) algorithm. A) Representation of a pairwise comparison where gene
APA forms a co-expressolog with APS and GPS in the other species. This makes APS and GPS

paralogs of each other. B) For a given orthogroup co-expressologs can form cliques when
genes connect across all species. The strongest connection based on the lowest mean P-
adjusted value is then kept to represent this given orthogroup, representing the thickest

connecting line here.
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Results and Paper discussion

The aim of this thesis was to provide novel insights into the conservation of abiotic
stress response regulation in boreal tree species, with a particular focus on Norway
spruce and Scots pine. Knowing the extent of this conservation is increasingly
important as boreal forests face rapid environmental change, including more
frequents droughts, increasingly early ice formation and extreme weather events
(Rantanen et al., 2022). Identifying conserved regulators, hubs, and gene modules
responsive to abiotic stress therefore provides a foundation for future breeding and
biotechnology strategies and provides valuable insight as to whether model species,
such as Arabidopsis, can be used to translate knowledge to boreal tree species.

The results presented in the work included in this thesis address these objectives by
examining transcriptional responses across species, identifying conserved and
divergent regulatory components, and characterising network structures associated
with abiotic stress response.

A demonstration of the importance of data quality

In Paper I we were working with the old genome annotation of Norway spruce (v1,
(Nystedt et al., 2013). Paper II resulted in the new and updated version of the
Norway spruce genome. To measure the influence of the annotation difference on
network inference, Seidr was used to infer two GCNs from drought exposed root
data, selecting Pearson correlation, CLR, and PLSNET to get a wide coverage of
methods. Centrality metrics were calculated for both network and non-TFs and TFs
from each network were compared (Figure 7).

Betweenness Eigenvector PageRank Strength
(logle) (logle + 1le-28) (logle + le-6) (logle + le-1)
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Figure 7 Boxplots of centrality metrics between network inferred from data aligned to the
old version of the Norway spruce genome (v1, 2013) and the new version (v2, Paper II).
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Centrality metrics of both non-TFs and TFs in the network based on the new
annotation exhibited higher values of centrality for eigenvector, PageRank, and
strength metrics. This might indicate that reads previously mis-aligned under the
old annotation were correctly mapped to the new annotation, yielding more
accurate expression estimates for affected genes. As a result, the GCN generated
from the new annotation more effectively captured the highly interconnected nature
of genuine co-expression relationships. Betweenness values were slightly lower in
the new annotation as compared to the old annotation, which reflects a reduction in
artificial gene-bridges between different network modules and indicates a more
cohesive network structure.

The complexity of ComPIEx

Constant quality assurance is an important factor to obtain biologically informative
results throughout any project, but even then, some noise slips through the cracks.

Genes with flat expression profiles ended up being integrated in the set of co-
expressologs after initial runs of ComPIEx on data from Paper III. Presumably, flat
expression still maintained high correlation across data sets in addition to having
highly overlapping orthologous neighbourhoods. Unfortunately, these initial results
contained a considerable amount of technical noise, which obscured the underlying
biological signal. To address this issue and ensure that co-expression patterns
reflected genuine biological relationships rather than artifacts, additional filtering
steps were applied.

A density distribution filter was used to remove genes with sparsely distributed
expression values, which likely represented noise or unreliable measurements. In
addition, a standard deviation filter was applied to exclude genes with minimal
expression variability across samples. After applying these filters and rerunning
ComPIEx, the resulting co-expressolog expression patterns displayed clearer and
more biologically coherent patterns and genes with zero-variance and flat
expression were removed (Figure 8).
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Figure 8 Filtering effect on C-repeat Binding Factor (CBF) co-expressologs. Additional
filtering steps show change in gene-composition of orthogroup 0G0000037. A) Heatmap,
count-table, and median expression line plot of co-expressologs before filtering. B) Post-
filtering effect on heatmap, count-table, and line-plot.

Even with additional filtering and noise reduction, deriving biological meaning from
the data remained a challenge due to the variety of species and their differences in
expression dynamics. While co-expressologs might vary extensively in expression
patterns between species, their gene-neighbourhoods in terms of gene-families or
orthogroup annotation was highly similar. Functional enrichment of the co-
expressologs using Gene Ontology revealed that many carried similar, and in some
cases identical, annotations across species. The clique set from Paper III was
another proof of this concept, as enrichment results of the genes across species
overlap.

Adding extra layers to the co-expressologs, such as identifying which ones were TFs
and DEGs, also help to derive biological meaning from the data. However, not all of
the DEGs could be included in the comparative network analyses, as some did not
have a shared orthogroup annotation and were species-specific. Unfortunately, this
was one of the limitations of the comparative analysis.
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Paper | - Ensemble network inference revealed key regulators
of drought response in Norway spruce

Inferring networks from expression data is a powerful way to study complex
biological processes, but individual network inference methods often produce
biased or incomplete results due to their specific assumptions and limitations. In
Paper I, Seidr was developed to integrate the results of several inference algorithms
into one consensus network, obtaining the wisdom of the crowd. This outperformed
individual methods by reducing methodological bias, improving sensitivity,
specificity, and precision (Paper I, Figure 1). We demonstrated the use of this
wisdom of the crowd principle to decipher the transcriptional regulation of drought
response in Norway spruce as an example of how the method is equally applicable
to non-model species.

The performance of Seidr was assessed by generating a drought-specific and an
unstressed network. Centrality analyses revealed that genes associated with
drought stress were highlighted only in the drought network, emphasising the value
of experiment-specific networks. Partitioning the network with InfoMap identified
16 modules (Paper I, Figure 3), three of which were significantly enriched for stress
response related GO terms. One module in particular contained six TFs with an
expression peak at FC30, two of which displayed a second expression peak at the
Collapsed state (Paper I, Figure 4). These two TFs were both NAC-related TFs, with
MA_103341g0010 annotated as a NAC-NAM, ATAF1/2 and CUC2-domain-
containing 35-like, and MA_10426365g0010 as a NAC domain-containing 86-like
TF. Homologs of both genes have been shown to have a link to abiotic stress
response in various plant species (Cai et al., 2025; Fang et al.,, 2008; Guérin et al,,
2019; Le etal,, 2011; Ooka et al., 2003; Su et al,, 2013). However, none of the six TFs
were among the genes in a previously identified list of drought response genes. This
was not surprising as these annotations were lifted from Arabidopsis, and thus may
miss spruce-specific regulators. Rather than being a limitation, this highlights the
potential for uncovering novel spruce-specific stress responses. In addition to these
TFs, we used network neighbourhood analyses and centrality metrics to infer
possible functions for previously unannotated genes. The first high-centrality gene,
MA_10432675g0010, was annotated as a cellulase, and its neighbours were
predominantly enzymes involved in cell wall modification, suggesting a role for cell
wall reorganisation under drought stress. The second unannotated gene,
MA_69177g0010, had a neighbour annotated as MAPK, indicating it may function
within stress signalling pathways mediated by MAPKs. The third,
MA_10192193g0010, was positioned near a photolyase and a CONSTANS-like gene,
implying a potential role in ROS detoxification and maintenance of photosynthesis
under drought conditions, paralleling functions reported for CONSTANS-like genes
in photoperiod regulation and stress resistance.
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Paper II - Co-expression networks provide biological insight
into genomic features

Conifer genomes are among the largest in the plant kingdom, being mostly
composed of repetitive non-coding DNA. Genes can be separated by large intergenic
regions and can even contain very long intron sequences (>15Kbp) within the gene
itself. One naturally starts to wonder how conifer genomes are organised in terms
of expression, considering these genomic characteristics.

The three-dimensional organisation of the genome plays a crucial role in regulating
gene expression, and two key structural features underpin this architecture:
Topologically Associating Domains (TADs) and chromatin loops (van Steensel &
Furlong, 2019). TADs are contiguous genomic regions in which sequences interact
more frequently with each other than with neighbouring regions, creating isolated
domains of regulatory activity (Bonev & Cavalli, 2016). These domains help insulate
enhancers and promoters, ensuring that regulatory interactions occur within
defined boundaries. Within TADs, chromatin loops bring distant genomic elements
into close contact, allowing enhancers, silencers, and promoters to interact despite
being far apart in linear sequence (Tourdot & Grob, 2023). Loop formation is often
mediated by architectural proteins, which facilitate loop extrusion and stabilise
long-range interactions. Together, TADs and chromatin loops create a hierarchical
and dynamic chromatin landscape regulating gene expression. While these features
have been established in some plant species (Tian et al., 2021; M. Wang et al., 2018;
Xie et al., 2019), Paper Il provides the first insights into this structural organisation
in conifers.

In Paper II we showed that TADs were encompassed by one or two genes on either
side of the TAD (TAD borders). Interestingly, genes at TAD borders generally had
longer intron sequences, and each TAD typically contained around 3 to 10 genes. To
see if genes at TAD borders, genes within a TAD or gene-gene pairs acting as
chromatin loop anchors had any co-expression signal, a GCN was inferred from
seasonal needle data in Norway spruce, which contains expression values from
growing needles at different seasonal timepoints. Co-expression correlation values
of different classes of gene-pairs were compared to see if there was any biological
pattern. Gene-pairs classed as loop anchors showed the highest co-expression
correlation, whereas gene-pairs at TAD borders, inside a TAD, or gene-pairs from
the TAD border to inside the TAD, showed weak co-expression correlation values
(Paper II, Figure 2f). This suggests that the physical interaction of loop anchors
helps facilitate a high correlation of co-expression. To benchmark these results, co-
expression correlation values of a random set of gene-pairs proportional to the
investigated set were compared.
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To investigate whether TADs across Norway spruce and Scots pine followed similar
regulation, conserved TADs were identified by taking the orthologuos gene pairs at
each TAD border and comparing them across species. Combinations of orthogroups
of the genes at these TAD borders that matched between species were considered
conserved, with an additional sanity check confirming that these TADs occupied
corresponding syntenic genomic regions in each genome. Using ComPIEx, co-
expressologs were identified between Norway spruce and Scots pine abiotic stress
datasets. The most significant pairings of co-expressologs per orthogroup were
retained and subsequently assessed to determine whether they were located within
equivalent conserved TADs. It was found that when the co-expressolog of one
species was located within a conserved TAD, the corresponding co-expressolog in
the other species was located in the same conserved TAD in 87% of cases. Co-
expressologs located within conserved TADs were assessed for network centrality
and compared to co-expressologs not within conserved TADs (Figure 9).
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Figure 9 Eigenvector and PageRank boxplots of co-expressologs found in conserved
and non-conserved Topologically Associating Domains (TADs). Generated from drought
stress data in Norway spruce and Scots pine.
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Across the different abiotic stress GCNs, co-expressologs within conserved TADs
consistently displayed a higher degree of centrality, suggesting that these genes
could act as main regulators (Figure 9). Centrality boxplots from co-expressologs
generated from cold stress data displayed a slightly weaker signal in Scots pine
needles and Norway spruce root tissue. Considering the centrality calculation was
restricted to genes that were part of orthogroups present in both Norway spruce
and Scots pine and needed to meet the expression threshold requirements, these
results indicate that genes of high importance within conserved TADs have
conserved co-expression and are highly connected within abiotic stress co-
expression networks, suggesting that they are of evolutionary importance.

The expression profiles of the co-expressologs in two of these conserved TADs were
visualised to get an indication of how these genes were regulated (Figure 10). Genes
in Figure 10A very clearly demonstrate that co-expressolog genes within a
conserved TAD do not necessarily follow the same expression profile between
species despite having conserved co-expression neighbourhoods, in line with the
results reported in Paper III. The same was true for genes within one TAD of the
same species, suggesting that they are not co-regulated. The up-regulation of several
genes during more severe drought conditions in Figure 10A, suggests that genes
within this TAD may play an active role in drought response. While no significant
enrichment of GO terms was found for the genes within this TAD, the genes were
annotated for processes involved in “cytokinesis” and other metabolic and
developmental processes. Additionally, several genes were annotated to GO terms
for stimulus response. Similarly, no significant enrichments were found for the
genes down-regulated during cold stress in the conserved TAD depicted in Figure
10B. However, these genes were annotated to several abiotic stress related GO
terms, such as “response to cold” and “response to abiotic stimulus”. Additionally,
genes within this TAD were also annotated to GO terms associated with
development, consistent with genes within the conserved TAD represented in
Figure 10A. All data and results from Paper II were integrated within the Plant
Genome Integrative Explorer (PlantGenlE; (Sundell et al, 2015) to ensure
compliance with the Findable, Accessible, Interoperable, and Reuseable (FAIR)
principles (Wilkinson et al., 2016). The results presented here have not yet been
integrated in the preprint version of Paper II, but will be part of the published work.
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Figure 10 Co-expressolog expression of conserved Topologically Associating Domains
(TADs). Equivalent co-expressolog pairings share the same colour across Norway spruce and
Scots pine plots. A) Variance Stabilizing Transformation (VST) median expression of co-
expressologs in needles during drought stress exposure in conserved TAD
0G0015698_0G0015709. B) VST median expression of co-expressologs in needles during
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Paper III - Conserved core rewired to regulate different set of
genes as response to cold stress in roots

Regulation of abiotic stress responses in plants differ extensively between species,
therefore very little is known about the conserved gene regulation of these
responses. Plant research has historically focussed less on root tissue as roots are
generally harder to access, manipulate and image, as compared to above-ground
tissues. However, with increasing temperatures due to climate change, roots are
more often exposed to ice formation as the insulating snowpack becomes thinner
during spring (Richardson et al., 2024). In Paper III we looked at the cold response
regulation across four boreal tree species, two angiosperms (aspen and birch) and
two gymnosperms (Norway spruce and Scots pine). Additionally, we included the
herbaceous model species Arabidopsis Col-0 along with a more northern ecotype,
Arabidopsis Ost-0, to enable functional annotation based on the guilt by association
principle and as a reference point to the extensive body of literature on cold
response of, primarily, aboveground tissue responses of Arabidopsis.

Temporal expression differences were observed between the DEGs of the five
species, which appeared to be lineage-specific. The two Arabidopsis ecotypes
generally displayed a quicker reaction with up- or down-regulation of genes already
after 6 hours of cold exposure. The two broadleaf trees, aspen and birch, generally
displayed an up- or down-regulation spike after 3 days of exposure, and the conifers,
Norway spruce and Scots pine, generally showed a late response at 10 days.

To analyse whether this response involved the same gene families, we translated all
expressed genes and all DEGs into their respective orthogroups. A high overlap of
orthogroups across all expressed genes was observed (Paper III, Figure 1A),
representing approximately half of the expressed genes per species (Paper III,
Figure 1B). Low overlap among DEG orthogroups representing 13-18% of the total
DEGs and ~6% of all expressed genes (Paper III, Figure 1C & 1D), indicated that
species regulate largely distinct gene sets in response to cold exposure.

By integrating comparative network analysis with ComPIEx, orthogroup and
expression information was used to identify co-expressologs between every
pairwise species comparison. The orthogroup overlap between all pairwise
comparisons revealed the highest overlapping sets to be between the Arabidopsis
ecotypes (1579 orthogroups), the conifer trees (612 orthogroups), and the
broadleaf trees (293 orthogroups) (Paper III, Figure S4). Genes within each of
these pairwise sets were independently enriched for stress-responsive GO terms,
suggesting each lineage has their own way of dealing with abiotic stress. Across all
pairwise comparisons an overlap of 181 orthogroups was observed. Enriching the
genes within this set also revealed stress-responsive GO terms, in addition to many
developmental processes. From this common set we identified a core set of genes (a
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subset of 116 orthogroups) forming cliques with conserved cold-responsive co-
expression across all species. While these genes were identified as having conserved
co-expression neighbourhoods, their expression profiles still appeared lineage-
specific (Paper III, Figure 5). This highlights the power of the comparative co-
expression approach to identify conserved regulatory relationships despite lineage,
or species-specific differences in expression response timing. Eight of these cliques
were composed entirely of TFs, four of which were part of an expression-profile-
based cluster that was functionally enriched for “response to cold stress” (Figure
11).
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Figure 11 Heatmap of Transcription Factor (TF)-cliques subset. This heatmap represents
the TF specific subset of cliques from Paper III, with z-score scaled median Variance
Stabilizing Transformation (VST) expression values. Cluster 1 contains TFs annotated for
tissue development and growth processes. Cluster 2 contains the set of TFs annotated for
‘response to stress’.

TFs in Cluster 2 had direct involvement in stress response based on literature
evidence. A MYB, specifically MYB87, was differentially down-regulated in the two
Arabidopsis ecotypes and its ortholog in Norway spruce. MYB87 has been shown to
promote longitudinal growth in several plant organs, including roots (Fujiwara et
al,, 2014). This suggests that in Arabidopsis growth was initially supressed and later
reactivated, whereas in Norway spruce, the MYB87 co-expressolog remained down-
regulated from 24 hours onward, potentially indicating that reduced growth is an
important and sustained adaptive mechanism for cold tolerance in Norway spruce.
Two distinct WRKY TFs were identified in the Arabidopsis ecotypes, WRKY48 in Col-
0 and WRKYZ23 in Ost-0, of which only WRKY48 was differentially expressed in Col-
0, and its aspen and Scots pine co-expressologs. WRKY48 has been shown to play a
role in biotic stress response (Xing et al., 2008), and in response to combined high
light and heat stress (Balfagon et al., 2024), where it functions as a repressor of
genes that promote acclimation to these stressors. While both previous studies were
conducted in leaf tissues, WRKYs act broadly across plant organs. The expression
pattern observed in Figure 11 may be consistent with these findings, potentially
indicating a similar, and conserved, role for WRKY48 in root tissue in response to
cold stress. An initial down-regulation could facilitate activation of early stress-
response pathways, followed by a later up-regulation as Arabidopsis Col-0 and
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aspen transition towards acclimation. However, further functional evidence would
be required to confirm this interpretation, especially since the opposite expression
pattern was observed in Scots pine. Heat Shock Factor (HSF) proteins are known to
be key regulators involved in abiotic stress response (M. Guo et al., 2016), although
not much is known about HSF2BA specifically. HSFB2A and its co-expressologs were
differentially expressed across all species, generally showing down-regulation at 6
hours and an up-regulation later on, being down-regulating again at 10 days.
HSFB2A was annotated for “transcription cis-regulatory region binding”, potentially
suggesting that it has a role in either promoting or repressing genes in response to
abiotic stress. Finally, two NAC genes were identified in the Arabidopsis ecotypes,
ANAC018/ATNAM in Col-0 and ANAC002/ATAF1 in Ost-0, and were differentially
expressed in both Arabidopsis ecotypes, and the aspen and Norway spruce co-
expressologs. Although no direct link to cold stress has been reported for
ANACO018/ATNAM, ANAC002/ATAF1 has an identified association with cold stress
response in birch (Chen et al, 2019). In addition, ANAC002/ATAF1 appears to
function as a broader regulator of general stress responses (Wu et al., 2009), but
particularly in drought stress responses where it promotes perception of ABA (Lu
etal, 2007; Puranik et al,, 2012).

Cluster 1 was most notably annotated for growth-related and developmental
processes, with some TFs in this cluster having interesting roles in roots specifically.
LBD13 promotes lateral root development in Arabidopsis (Cho et al., 2019). Only its
co-expressologs in aspen and Norway spruce were differentially expressed, and
these were primarily down-regulated, suggesting that growth was mainly repressed
in response to cold stress. LBD11 is related to ROS detoxification (Dang et al., 2023),
but its involvement in cold response has not yet been identified (Rong et al., 2024).
KANADI3 (KAN3), a GOLDEN2-like (GL2-like) TF, has no direct association with root-
specific processes, however, as a member of the GARP TF family, it could be involved
in cold stress regulation by altering gene expression under freezing conditions
(Hernandez-Verdeja & Lundgren, 2024). KAN3 was up-regulated in the two
Arabidopsis ecotypes and in Norway spruce, but down-regulated in the other tree
species. This suggests a diverged role of this gene among these species.

While none of the TFs in the cliques were CBFs, we were still interested to see
whether the Arabidopsis CBFs had any co-expressologs in root tissue of other
species, as they are considered to be key regulators during cold stress in leaf tissue
(Cook et al., 2004; Fowler & Thomashow, 2002; Medina et al.,, 1999). Interestingly,
several co-expressologs were found in aspen and birch, while the two conifers only
had a few co-expressologs with divergent expression patterns (Figure 12).
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Expression profiles of CBF-orthologs
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Figure 12 Expression profiles of co-expressologs (P-value < 0.05) linked to the Arabidopsis C-
repeat Binding Factors (CBFs); CBF1: AT4G25490, CBF2: AT4G25470 and CBF3: AT4G25480.

In Arabidopsis Col-0, CBF1 and CBF2 were both down-regulated throughout the
experiment, while CBF3 was initially up-regulated at 6 hours and thereafter down-
regulated. In the Ost-0 ecotype all three CBFs followed the same expression pattern
as their Col-0 counterpart, but prolonged cold triggered a second up-regulation of
CBF-related genes, suggesting that certain genotypes may retain or re-initiate CBF-
mediated signalling under extended stress conditions. In aspen and birch the CBF
orthologs were mostly up-regulated at 3 days after cold exposure, showing a
delayed response compared to Arabidopsis. A limited number of CBF orthologs were
identified in conifers, with two in Norway spruce and four in Scots pine. In Norway
spruce, both genes were CBF3 orthologs, with one (PA_chr07_G00898) up-regulated
after 24 hours and the other (PA_chr02_G003619) was down-regulated after 3 days.
In Scots pine, four potential CBF orthologs were identified, two of which
(PS_chr07_G028303 and PS_chr06_G023928) were up-regulated after 6 hours,
while the remaining two (PS_chr02_G008227 and PS_chr02_G008225) were down-
regulated after 24 hours. Together, these results suggest that although the CBF-
dependent cold response pathway actively operates in the root tissue of the
angiosperms, it appears to play a comparatively limited role in ggmnosperms and
may be complemented by an alternative regulatory mechanism.

Overall, root cold responses were shown to involve a relatively small but deeply
conserved set of regulatory modules with lineage-specific abiotic stress-response
dynamics. This demonstrates substantial regulatory diversification among
angiosperms and gymnosperms, confirming that abiotic stress responses in plants
indeed differ extensively.



Paper IV - Comparative abiotic stress transcriptomics reveal
common regulatory modules in conifers

Most research performed on abiotic stress response in plants has been focused on
crop species, such as rice and wheat, and model herbaceous angiosperms, such as
Arabidopsis, and not on unconventional model species, such as aspen or conifers. In
Paper IV, we took one of the first looks into the conservation of stress response
regulation in conifers enabled by availability of the newly annotated genomes of
Norway spruce and Scots pine presented in Paper II.

Our experimental system included RNA-Seq profiling of the transcriptional
response to cold and drought stress in needles and roots of Norway spruce and Scots
pine. Analysis of gene expression from time series samples for both stresses
revealed a noticeable difference between needle and root tissues of the abiotic stress
exposed seedlings (Figure 13A-D). Approximately 30% of the variance between
samples was explained by the difference in tissue type, whereas 10% was explained
by the stress conditions. Drought stress caused an extensive transcriptional
response in root tissue, where genes enriched for developmental processes were
significantly down-regulated during the most severe conditions of the drought
experiment (Paper IV, Figure 1e). Needles however, had far fewer differentially
expressed genes across the entire drought experiment. The opposite was observed
in the cold-stressed tissues, with needles having a higher increase in differential
expression as compared to the root tissue. Analysis of GO enrichment indicated that
down-regulated genes were largely linked to development and growth (Paper 1V,
Supplementary Table 1), whereas up-regulated genes were primarily associated
with abiotic stress-responsive terms in both cold and drought conditions.
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Figure 13 Principal Component Analyses (PCA) of abiotic stress datasets. Needle
samples are shown as circles and root samples as triangles. Conditions range from grey as
control to red at the start, to yellow, and to blue at the end of the experiment. A) PCA of
Norway spruce drought experiment. B) PCA of Scots pine drought experiment. C) PCA of
Norway spruce cold experiment. D) PCA of Scots pine cold experiment.

In addition to the similarities in tissue-specific responses between species revealed
from the PCA plots, a large number of highly significant co-expressolog pairs were
found directly related to abiotic stress response in Norway spruce and Scots pine. In
drought stress data we identified 7313 orthogroups containing co-expressologs (P-
value < 0.01), and in cold stress data we retain 7322 orthogroups of equal
significance. At first glance, this large overlap might be expected given that these
species are both gymnosperms and thus share a relatively recent common ancestry
compared to more distantly related plant lineages. However, the evolutionary
separation of Norway spruce and Scots pine is still quite distant, as they diverged
~130 million years ago and have since undergone independent evolutionary
trajectories (Kumar et al., 2022). While they are sympatric across much of their
boreal regions, they also occupy distinct ecological niches (Dering et al., 2021).
These ecological and developmental differences could possibly have driven
divergence in abiotic stress response pathways. Therefore, it was not guaranteed
that co-expressed gene architecture would show the level of conservation we
observed. The findings in Paper IV provide some of the first evidence that, despite
their long independent evolutionary histories since their divergence, these two
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conifer species retain an extensive degree of co-expression conservation in their
response to abiotic stress. This overlap could also suggest that certain gene families
are broadly important across species, possibly maintained by selective pressures.

Selecting for the co-expressologs where both orthologous genes were additionally
differentially expressed, retained a highly conserved set of core stress responsive
genes (Paper IV, Figure 4). Both stresses displayed distinct patterns of expression
in accordance with the stress conditions. During drought stress, both conifers
showed almost the exact same pattern of expression with either an up or down-
regulation peak at the point of photosynthetic collapse. Testing for enrichment of
GO terms within these sets of up and down-regulated genes, revealed enrichment of
terms associated with a down-regulation of developmental processes and
enrichment of terms associated with osmotic stress response within up-regulated
genes (Paper 1V, Table 1). Unfortunately, no significant GO enrichments were found
for the cold-stressed set of co-expressologs.

From this highly conserved set of co-expressologs, 23 TFs in drought and 34 TFs in
cold were extracted and examined. Across both stress conditions, TF expression
profiles formed distinct clusters of up- and down-regulated genes (Figure 14).
Enrichment analysis of the up- and down-regulated sets of TFs revealed significantly
enriched terms associated with gene regulation in all TF sets, with the exception of
down-regulated TFs under drought stress. These GO enrichment terms suggest that
these TFs were up- or down-regulated specifically to activate appropriate stress
responsive genes and repress the activation of processes unrelated to, or that could
negatively impact, stress-response. There were seven TFs in common among the up-
regulated TFs, comprising of two NACs, two WRKYs, one LBD, one ERF, and one
MYB-related. Common down-regulated TFs included one LBD and one G2-
like. These shared TFs represent particularly interesting targets for future
functional validation as they potentially represent universal stress response
activators.
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Figure 14 Heatmap of Transcription Factors (TFs) among highly conserved co-
expressologs (P-value < 0.01). A) Heatmap of Variance Stabilising Transformation (VST)
normalised median TF expression in conserved drought stress response co-expressologs. Col.
= Collapsed, Col 2d = Collapsed for 2 days, Reh. = Rehydrated. b) Heatmap of VST median TF
expression in conserved cold stress response co-expressologs. Ribbon colouring: needles in
green, roots in brown, Norway spruce in purple, Scots pine in light orange.
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Conclusions and future perspectives

This thesis set out to advance our understanding of abiotic stress response gene
regulation in the closely related boreal conifers, Norway spruce and Scots pine.
Through comparative gene expression analyses and network-based approaches,
conserved regulatory components, and abiotic stress-activated candidate genes
were identified. These findings contribute to a broader and more integrated view of
how conifers respond to environmental challenges.

Consensus networks inferred using Seidr provided a more reliable and biologically
informative view of gene regulation than any single network inference method alone
(Paper I). Drought-response related genes of Norway spruce were identified by
looking at high ranking genes within the network based on centrality measurements
and comparison to an unstressed network. This highlighted the importance of an
appropriate experimental setup for the generation of meaningful GCNs, as this
response was not found in the unstressed network.

Paper Il demonstrated that there is a clear relationship between three-dimensional
genome structure and gene-co-expression in Norway spruce, as genes acting as loop
anchors showed higher co-expression correlation. Cross-species analyses further
revealed that a portion of TAD organisation was conserved across these conifer
genomes. We found that when a co-expressolog in Norway spruce was located in a
conserved TAD, its counterpart in Scots pine was highly likely to be found in a
syntenically conserved equivalent TAD of Scots pine. Gene expression from these
co-expressologs revealed that the genes located within each of these TADs are not
co-expressed as the expression profiles of genes within the same TADs differed.
However, co-expressologs within conserved TADs displayed a generally higher
degree of network centrality, indicating that these genes could serve as highly
conserved regulatory hubs.

Paper III revealed that while cold-responsive regulation in roots was temporally
divergent across plant lineages there was a distinct subset of genes with functionally
conserved co-expression, indicating conserved regulation. There was a relatively
large set of orthogroups containing DEGs that were only differentially expressed in
single species, indicating that distinct gene sets were transcriptionally regulated in
response to cold stress in roots. Eight core TFs with conserved co-expression across
all species were found, with several of these having documented roles in abiotic
stress response. While their gene-neighbourhoods were highly similar, their
expression still displayed temporal differences between species. Although they
were not represented within the conserved core response, Arabidopsis CBFs had
several significant co-expressologs in the other species, and predominantly in the
other angiosperms, aspen and birch. This is in agreement with previous research
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performed on CBFs in angiosperms, showing that CBFs also potentially have a cold
regulation function in root tissue (Sang et al., 2025; Zhao et al., 2023). In the conifers
however, only a few co-expressologs were found mainly for CBF3. The low copy
number in conifers reflects the known expansion of CBFs in the angiosperm lineage
with subsequent sub/neo-functionalisation related to stress response (Nie et al.,
2022). All together the results from Paper III suggest that abiotic stress response in
root tissue of the different species is rewired, which is in concurrence with the
developmental system drift (True & Haag, 2001).

In Paper IV I show that Norway spruce and Scots pine possess a high degree of
conservation for abiotic stress-specific co-expression. Nonetheless, the
transcriptional response seems to remain strongly tissue- and stress-specific as
shown in Paper IV Figure 2, where the largest sets of unique DEGs and orthogroups
showed little overlap with other conditions. This suggests that conserved abiotic
stress-response regulation is deployed in a context-dependent manner rather than
as a common species-wide response. The conserved core responses shown in Paper
IV Figure 4 were potentially established prior to the divergence of Norway spruce
and Scots pine in their common ancestor. As these conifers are sympatric but inhabit
contrasting ecological niches, divergence of regulatory pathways was likely
required.

All together, common conserved abiotic responses in boreal conifers and
angiosperms (Figure 15) have been revealed and could potentially be used as
targets for breeding programs in the future. However, even with everything that was
accomplished in these works, relatively speaking, the surface was barely scraped.
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Figure 15 Summary picture of transcription factors found related to regulating abiotic stress
in boreal species from Paper I, Il and IV.
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The increasing accuracy of network inference

As time goes on, high-throughput data will continue to accumulate and network
inference approaches will become increasingly more sophisticated and accurate.
The availability of larger and more diverse datasets will improve statistical power,
better noise reduction, and the predictive performance of machine learning models.
The integration of multiple data types in addition to transcriptomics, including
epigenomics, proteomics, and chromatin accessibility data, will further strengthen
network predictions by capturing complementary layers of information
(Montesinos-Lopez et al., 2025).

Other components of transcriptional regulation

While the main focus in this thesis was on protein-coding genes, there are many
more directions that can be explored with the methods used in this thesis.
Transcriptional components such as Transposable Elements (TEs), long non-coding
RNAs (IncRNAs), and pseudogenes might all play a role in the regulation of abiotic
stress responses.

Conifer genomes are replete with TEs, mobile genetic elements that can affect gene
expression. Comparative TE-expression analysis across species, tissues, and stress
conditions could reveal whether particular TEs become transcriptionally activated
or repressed under abiotic stress. TEs may contribute to abiotic stress regulation, as
they can act as alternative promoters, reshape chromatin accessibility and donate
regulatory motifs (Hassan et al,, 2024; Sigman & Slotkin, 2016). Integrating TE
annotations into co-expression networks could identify TE-gene interactions, while
long-read transcriptomics may help detect TE-derived transcripts and TE-
associated protein isoforms (Zhang et al.,, 2025). A cross-species TE comparison
would also shed light on how genome size expansion and TE retention influence
transcriptional plasticity in long-lived trees.

LncRNAs remain one of the least investigated components of conifer
transcriptomes, despite emerging evidence in angiosperms that they play essential
roles in stress signalling, chromatin modulation, and fine-tuning of TF activity (Song
et al,, 2021). Steps have been made to identify and annotate IncRNAs in Norway
spruce (Canovi et al., 2024). Future work could implement IncRNAs in co-expression
network to investigate their expression across different abiotic stress conditions
and assess their interaction with protein-coding genes.

Aside from functional gene duplicates, frequent duplications in conifers also led to
the existence of pseudogenes. These are genes copies that show limited or no coding
potential, yet might still play an active role in gene regulation. Rather than being
functionless remnants of their source gene, pseudogenes can influence gene
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regulation by acting as decoys for miRNAs, producing regulatory RNAs, or
participating in epigenetic control (Sasidharan & Gerstein, 2008). Many
pseudogenes were identified in Norway spruce and Scots pine in Paper II (131,696
and 155,941 pseudogenes, respectively). Incorporating these pseudogenes into
GCNs would provide a way for uncovering potential pseudogene-gene regulatory
interactions. Additionally, such analyses could reveal patterns of neo- or sub-
functionalisation among pseudogenes. A preliminary assessment of the expression
of TEs and pseudogenes in Norway spruce and Scots pine identified a subset that
was differentially expressed, indicating that these components may indeed
contribute to functional processes (data not shown).

Finally, transcriptional profiling provides only a snapshot of gene activity at the time
of sampling, and does not necessarily reflect protein abundance or activity. Post-
transcriptional regulation, such as messenger-RNA (mRNA) stability, alternative
splicing, and other translational processes, influence whether a transcript is
ultimately translated into a protein. Therefore, functional validation remains
essential. Techniques such as DNA Affinity Purification-Sequencing (DAP-Seq) for
TFs would allow direct identification of TF binding sites and provide confirmation
of network-derived predictions (Bartlett et al.,, 2017). Complementary approaches
include Chromatin Immunoprecipitation-Sequencing (ChIP-Seq) to TF binding in
vivo (Song et al., 2016), Ribosome Profiling (Ribo-Seq) to assess which transcripts
are actively being translated (Mahboubi et al., 2021), and targeted proteomics or
mass spectrometry to measure protein abundance directly. While not currently
achievable in Norway spruce or Scots pine, reporter assays can test regulatory
activity of promoters or TFs in specific tissues, while gene knockout or knockdown
strategies (e.g. Clustered Regularly Interspaced Short Palindromic Repeats and
CRISPR-associated proteins (CRISPR-Cas) or RNA-interference (RNAi)) would
provide functional evidence for gene involvement in stress responses (Touzdjian
Pinheiro Kohlrausch Tavora et al.,, 2022). Together, these avenues highlight that
while progress has been made, conifer abiotic stress biology still remains a vast
unexplored landscape.
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