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Combined profiling in aspen: a systems biology approach 

Abstract 
This thesis presents efficient systems biology modelling strategies for integrating 
complex multi-platform datasets in order to increase our understanding of stress 
biology, wood formation and secondary cell wall formation in Populus trees and 
connected responses to perturbations in organisms, particularly aspen. It is based on 
studies reported in four appended papers, designated Papers I-IV. 

Paper I describes an enhanced framework for investigating and understanding multi-
level oxidative stress responses and their influence on phenotypic variation in 
transgenic hipI-superoxide dismutase Populus plants. Paper II presents a modelling 
strategy based on a combination of Principal Component Analysis (PCA), Orthogonal 
Projections to Latent Structures (OPLS), and an enhanced stepwise linear modelling 
approach. This strategy revealed major transitions in the proteomes along the wood 
developmental series in Populus tremula (aspen) pinpointing, for example, the location 
of the cambial cell divisions leading to phloem and xylem cells, and the location of the 
secondary cell wall formation zone.  

A pairwise multivariate OPLS approach was applied in the study described in Paper 
III to analyse proteome dynamics during tension wood formation of Populus trees.  
Pairwise comparisons of four corresponding phases/tissue types in normal and tension 
wood formation allowed identification of several processes that were strongly enhanced 
and/or unique during tension wood formation.  

These multidisciplinary approaches together with a recently developed formulation 
of the OnPLS method was used in Paper IV to analyse a set of transgenic Populus trees 
carrying an RNAi construct for the Populus secretory carrier-associated membrane 
protein3 (PttSCAMP3) gene. Multilevel analysis of datasets from nine platforms (RNA 
sequencing, proteomic, metabolomic and wood chemical analyses) revealed a critical 
function for PttSCAMP proteins in wood formation and elucidated the underlying 
molecular mechanism. The systems biology approach presented in this thesis provides 
novel types of tools for elucidating stress responses and wood formation in Populus 
trees. Exploitation of very recent advances in multivariate methods such as OnPLS 
allowed the simultaneous combination of transcriptomic, proteomic and metabolomic 
data, as well as identification of differences and connections between the data sets, 
which would not have been possible using standard statistical methods. 
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1 Introduction 
Sumner et al. (2003) describe systems biology as encompassing “…a holistic 
approach to the study of biology and the objective is to simultaneously monitor 
all biological processes operating as an integrated system”. This view of 
systems biology is based on the central dogma of molecular biology, which 
assumes a sequential unidirectional transfer of information from DNA by 
transcription to RNA and then to proteins via translation (Crick, 1970). The 
omics cascade can be regarded as a more modern version of the central dogma, 
and has been described as a flow from the genome (the starting point, 
representing all processes that can happen) to the transcriptome (representing 
processes that appear to take place), the proteome (processes that influence 
events) and finally the metabolome (visible completed and ongoing effects) 
(Dettmer et al., 2007). While analysis at any one of these levels can provide 
valuable information, multi-level analysis enables more reliable mapping of 
different molecular states by combining information obtained from multiple 
types of experiments and instruments to provide detailed insights into plants 
responses to perturbation (Weckwerth et al., 2004; Kaever et al., 2014). This 
thesis deals with such multi-level analyses. 

Multi-level omics measurements can provide a broader view of biological 
processes than can be obtained by focusing on a single level to the exclusion of 
others, not least because information from different levels is often 
complementary and can reveal things that would otherwise be missed. For 
example, it is well known that the transcription level of a given gene does not 
necessarily correlate well with the levels of the corresponding protein (because 
of processes such as posttranslational modification, protein inactivation, and 
protein–protein interactions) or with the levels of any associated metabolites 
(Gygi et al., 1999; Diz et al., 2012). Figure 1 shows a schematic flowchart of 
the systems biology approach applied in the studies underlying this thesis, 
combining transcriptomic, proteomic and metabolomic profiling in order to 
investigate effects of oxidative stress in Populus (Srivastava et al., 2013). The 
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studies involved up to nine sources of data: transcriptomic, proteomic, three 
types of metabolomic (gas chromatography-mass spectrometry (GC-MS), 
liquid chromatography-mass spectrometry (LC-MS), pyrolysis–gas 
chromatography/mass spectrometry (Py-GC-MS), phenotypic-growth-height-
density, saccharification, hemicellulose content and glucan analyses. All nine 
were used in the study described in Paper IV, and are briefly described in 
following sections. 

 

 
 
Figure 1. Schematic flowchart of the integrated profiling strategy employed in the studies 
underlying this thesis. In the first step, transcriptomic, proteomic and metabolomic data for the 
cambial region of Populus wild type and transgenic plants were collected individually. In the 
second step, these three omic datasets were integrated using the most recently developed 
formulation of the Orthogonal Projections to Latent Structures (OPLS) approach, which is known 
as OnPLS (an extension of O2PLS described in Chapter 3) (Lofstedt et al., 2013) to identify their 
joint variation - initially by applying OnPLS modelling to all variables and subsequently to 
targeted variables. Finally, the OnPLS model constructed in the second step was visualized with 
Mapman and KEGG to explore the pathways (genes-proteins-metabolites) affected in the 
transgenic plants and deepen interpretation of their oxidative stress responses. (From Figure 1: 
Srivastava et al., 2013). 

When adequate funding is available and there are no time constraints, 
integrated multi-layered omics approaches are optimal for characterizing 
complex biological changes. Approaches of this kind have successfully 
revealed significant functional information and helped to generate new 
hypotheses concerning cellular-phenotypic variation that can provide robust 
foundations for future studies (Ideker et al., 2001; Zhu et al., 2012; Wu et al., 
2014). 

Wood development is highly interesting for both researchers probing 
fundamental biological processes and applied scientists seeking to optimise and 
exploit cellulose and lignin production (Plomion et al., 2001). Previous efforts 
to elucidate the molecular processes involved in wood formation have been 
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based on transcriptomic analyses and/or low-resolution sampling (Hertzberg et 
al., 2001; Andersson‐Gunnerås et al., 2006). However, while transcriptomic 
data provide strong indications of protein abundance, quantitative proteomic 
information is needed to confirm the presence and relative abundance of 
different proteins and to account for the effects of post-translational 
modifications. Similarly, metabolomic analysis provides information about 
observed phenotypic variation (Fernie & Schauer, 2009; Sweetlove et al., 
2014). My colleagues and I (hereafter we), have therefore studied dynamic 
changes in aspen under various conditions and used the resulting data to create 
statistical models of its transcriptomic, proteomic and metabolomic responses.  

Paper I focuses on the complex oxidative stress tolerance mechanisms of 
plants. A multivariate modelling approach was used to statistically integrate 
information concerning global (transcriptomic, proteomic and metabolomic) 
responses to oxidative stress in the cambium region of a Populus model 
system.  Samples were collected from the cambial region of wild-type controls 
and mutant poplar plants expressing antisense RNA of the gene encoding the 
antioxidative copper-zinc superoxide dismutase (SOD) enzyme hipI-SOD. The 
mutant and wild-type plants were studied using transcriptomic, proteomic, and 
metabolomic tools described in Chapter 3. The resulting datasets were then 
statistically integrated using OnPLS (Lofstedt et al., 2013). OnPLS identifies 
globally joint information in any number of data blocks while being fully 
symmetrical, i.e. giving no preference to any one data block (Lofstedt et al., 
2013; Srivastava et al., 2013). 

In the study reported in Paper II, a proteomics technique (Ultra-
Performance Liquid Chromatography-Quadrupole Time-Of-Flight Mass 
Spectrometry (UPLC-QTOF-MS), see section 3.3) was used to quantify protein 
expression in tangential 20-160 µm thick sections spanning all stages of wood 
development in Populus tremula from phloem through cambium, the 
expansion zone, xylem, and dead cells. The resulting high-resolution 
developmental data series represents 482 sections from four 47-year-old trees 
harvested in the forest. A combination of PCA, OPLS modelling and an 
enhanced novel stepwise linear modelling approach revealed major transitions 
in global protein expression, pinpointing (among other things) the location of 
the cambium division leading to phloem and xylem cells, and the location of 
secondary cell wall formation. 

Paper III presents a high tissue resolution study of protein expression in 
tension wood formation. Global protein expression was analysed in cell types 
originating from phloem, cambium and xylem in normal and tension wood of 
poplar, representing a developmental gradient covering multiple distinct 
developmental stages. This enabled clarification of the cellular mechanisms 
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involved in both strictly developmental processes (e.g. xylogenesis) and 
tension wood formation. 

Paper IV describes the use of a systems approach to unravel functions of 
secretory carrier-associated membrane proteins (SCAMPs) in Populus wood 
formation. The function of the SCAMP3 gene in Populus trees was 
investigated using three transgenic p35S RNAi lines of Potri.019G104000 
(SCAMP3). The living part of the xylem was scraped and collected from the 
stems of two-month-old trees (seven wild-type trees and four or five trees of 
each transgenic line) then analysed. 

The results presented in Papers I and IV demonstrate that the integrated 
omics modelling strategy applied is an immensely powerful tool for elucidating 
multi-level responses to environmental changes in plants (exemplified by the 
oxidative stress response), analysing biological variability associated with 
mutation, and functions of specific genes (exemplified by the SCAMP3 gene). 
Papers II and III show that it is possible to integrate several multivariate 
statistical tools to obtain a clear understanding of transformative biological 
processes. The stepwise and pairwise modelling methods used in these works 
identified major transitions in global protein expression and pinpointed precise 
tissue-specific variation, suggesting the occurrence of novel and unexplored 
biological processes that will be the focus of future research on wood 
development. 

 

1.1 Wood development in Populus tremula (aspen) 

1.1.1 Why study trees? 

Forest trees have great economic importance as sources of timber, pulp, 
biomass, and medicinally relevant compounds. They are also environmentally 
important as major elements of habitats, as sources of food, oxygen, and 
energy, and as providers of vital ecosystem services. Research aimed at 
understanding and improving their growth and quality is therefore highly 
important (Varshney et al., 2014). Wood from forest trees is enormously 
interesting for both purely scientific and practical reasons due to its global 
abundance and diverse domestic and industrial applications, which are largely 
dependent on its contents of renewable biomass in the form of cellulose and 
lignin (Van Acker et al., 2013).  

All traits of trees (e.g. leaf characteristics, growth rate, phenology, 
dimensions, form, seed germination parameters, wood properties and stress 
resistance) are determined by interactions between genetic and environmental 
factors. Thus, traditional tree breeding approaches are currently used in 
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combination with genetic analyses and genetic engineering techniques to study 
and modify these traits in order to produce faster-growing trees with desirable 
qualities (Plomion et al., 2001; Mellerowicz & Sundberg, 2008; Van Acker et 
al., 2013). This thesis focuses on genetic modifications of aspen trees and the 
use of multivariate statistical methods to identify factors that could be tuned to 
improve wood properties. 

Populus species, including poplar and aspen, are among the most important 
angiosperm model systems for studying wood formation, which occurs via a 
process known as xylogenesis (Plomion et al., 2001; Tuskan et al., 2006; 
Mellerowicz & Sundberg, 2008). Xylogenesis can be described as an ordered 
developmental process involving cell division, cell expansion, secondary wall 
deposition and lignification, and programmed cell death (Mellerowicz & 
Sundberg, 2008). Aspens grow rapidly, can be regenerated from their sprouts, 
and have a relatively close phylogenetic relationship to the extremely widely 
used plant model system Arabidopsis thaliana. All of these factors have helped 
to increase its popularity in forestry and plant research (Jansson & Douglas, 
2007). Among woody plants, Populus can be considered as the ‘model’ tree for 
genomic research, partly because its genome is relatively small at 450–550 
Mbp (Taylor, 2002; Tuskan et al., 2006; Goodstein et al., 2012; Nordberg et 
al., 2014). In addition, the Populus trichocarpa genome has been completely 
sequenced, providing a valuable bioinformatics dataset to support omics 
investigations (Tuskan et al., 2006; Goodstein et al., 2012; Nordberg et al., 
2014).  

Papers I and IV appended to this thesis focus on hybrid aspen (Populus 
tremula x Populus tremuloides) while Papers II and III focus on field-grown 
aspen (Populus tremula). The choice of model system in each case was 
dictated by the plant processes under investigation.  

1.1.2 Biochemical composition and physiology of wood 

Wood from trees is one of the most abundant renewable natural materials on 
earth, and wood development is highly interesting to both scientists exploring 
fundamental processes and commercial groups seeking to improve supplies of 
important products including timber, biofuel, pulp and paper (Mellerowicz & 
Sundberg, 2008; Niculaes et al., 2014). Tree stems can be divided into two 
parts: the external protective layer known as the bark, and the inner woody 
layer. As trees grow the width of the woody layers increases resulting in 
increased stem size. Three major types of polymers (cellulose, hemicellulose 
and lignin) control the chemical and physical properties of the cells and stem 
during wood development, and wood yields can be manipulated by altering 
their production and interactions (Plomion et al., 2001; Mellerowicz & 
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Gorshkova, 2012). The wood development process involves five major phases 
(cell division, cell differentiation, cell expansion, cell wall formation and cell 
death), which progressively occur in poplar stems from the cambium inwards 
through the xylem expansion zone to mature xylem, and from the cambium 
outwards to mature phloem (Plomion et al., 2001; Mellerowicz & Sundberg, 
2008; Van Acker et al., 2013). The zones are illustrated in Figure 2 (adapted 
from Paper II) and described in detail by Hertzberg et al. (2001) and Mahboubi 
et al. (2013).  

 
 

 
Figure 2. Overview of transverse sections prepared from a poplar tree specimen, showing the four 
wood developmental zones (phloem, cambium, expansion zone and xylem) in accordance with 
illustrations in Herzberg et al. (2001) and Mahboubi et al. (2013) (Paper II).  

 
The phloem transports various substances, including phytohormones and 

photosynthetic products, from “source tissues” to “sink tissues”, while the 
cambium is the site of active cell division. The xylem provides mechanical 
support, transports water, mineral ions and various other solutes from the roots 
to other parts of plants (Plomion et al., 2001; Mellerowicz & Gorshkova, 2012; 
Myburg et al., 2013). It consists of different types of cells such as tracheids, 
vessels and fibres which deposit cell wall. Initially, the primary cell wall is 
composed of polysaccharides (mainly cellulose, hemicelluloses and pectins) 
and glycoproteins that provide rigidity, but also sufficient flexibility (mediated 
by various enzymes) to allow cellular expansion (Plomion et al., 2001; 
Mellerowicz & Gorshkova, 2012; Myburg et al., 2013; Van Acker et al., 
2013). After cellular expansion ceases, a secondary cell wall (which includes 
polyphenols in addition to cellulose and hemicelluloses) is deposited. 
Secondary walls usually contain three recognized layers, designated S1, S2 and 
S3 (Figure 3) (Plomion et al., 2001; Mellerowicz & Gorshkova, 2012; Van 
Acker et al., 2013). For further details of plant cell wall structures and 
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formation processes, which are highly complex, see Plomion et al. (2001) and 
Mellerowicz & Gorshkova (2012).  

 

 
 
Figure 3. Illustration of plant cell wall organisation showing the primary (P) and secondary (S1, 
S2 and S3) layers (adapted from Mellerowicz & Gorshkova, 2012). The long arrows indicate 
angles relative to the cell axis microfibril angles (MFAs) in the S2 layer. Xyloglucan chains are 
shown in red, pectins in blue, xylan in pink, cellulose fibrils in beige, the cross-linked lignin 
network in green, and mannan chains in dark blue.   

Due to the complexity of poplar cell walls costly engineering procedures, 
pre-treatment methods and genetic improvement strategies capable of 
modifying its lignin composition/amount, cellulose crystallinity, and 
hemicellulose amount/composition are needed to manipulate its 
saccharification efficiency and biomass production (Van et al., 2013; Porth et 
al., 2013). Some strategies of this sort are considered in Papers II, III and IV. 
 

1.2 Omics applications in plant systems biology 

1.2.1 Data evaluation strategies 

According to Svante Wold “Statistics is the art of drawing conclusions from 
data, and making decisions, in the presence of variability” while 
“Chemometrics is the branch of chemistry concerned with the analysis of 
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chemical data (extracting information from data) and ensuring that 
experimental data contain maximum information (the design of experiments).” 
Both are important in plant sciences, where variation must be interpreted 
efficiently (Wold, 1995). The selection of particular methods for data analysis, 
evaluation and statistical testing in order to draw biological inferences should 
be based on the specific experimental goals and desired outcomes (Wang et al., 
2006). Several data evaluation strategies are currently used in plant sciences, 
ranging from methods for assessing the shape and distribution of data in order 
to obtain broad overviews of datasets’ properties, to strategies centred on 
scaling and normalisation to examine variation within them. 

Univariate methods are most commonly used with singular datasets or 
measurements and involve examining one variable at a time. Their output can 
be presented as a frequency distribution of sample categories in a tabular 
format, a chart, or some other graphical representation that emphasises 
measures of central tendency such as the sample mean, median and mode 
(Babbie, 2009). Univariate tests of statistical significance to detect differences 
within and between sampled populations are applied using published, 
recommended, or arbitrary cutoff values based on mean differences or statistics 
obtained using various methods that may include Student’s T-test, F tests, fold-
change analyses or analysis of variance (ANOVA). 

Multivariate statistical analyses are often applied to larger datasets in order 
to detect trends in relationships, characteristics, effects and properties, to 
facilitate more descriptive and integrated, holistic biological interpretations, 
especially in cases involving multiple datasets. Several projection methods 
have been introduced for visualising results of such analyses. One of the most 
prominent and widely used is PCA, in which the first projection (Principal 
Component 1, denoted PC1) effectively describes the greatest variance within 
the data, while other PCs describe progressively smaller amounts of the 
remaining variation (Madala et al., 2014). In multivariate analyses, variables 
that differ significantly are often identified by considering loading values, 
variable importance (VIP) values, correlation coefficients, and so on.  

Multivariate methods are useful for identifying correlations between 
individual measurements, highlighting global relationships, multifactor 
analysis and examining residuals (or non-interacting/undesired effects) (Rood 
et al., 2013).  

The comparisons of transgenic lines versus their group controls presented in 
this thesis were mainly performed using multivariate models (PCA, OPLS and 
OnPLS) and in some cases checked by univariate statistics. 
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1.2.2 Visualisation tools 

 
Bioinformatics and data visualization tools are invaluable for understanding 
and interpreting biological data as they greatly facilitate efforts to investigate 
large data blocks, summarise information they contain, and display systematic 
variations or perturbations in biological systems (Sumner et al., 2003). 
Visualisation tools can be broadly divided into a group for visualizing variation 
and another for interpreting responses. They are distributed and accessed in 
various ways, including via standalone downloads of free or commercial 
software packages, web interfaces (e.g. paintomics, or cytoskape), or databases 
hosted by research institutes from which one can download data files such as 
GMD@CSB.DB, the Golm metabolome database (Kopka et al., 2005). 
Transcriptomic microarray data have been visualised using 
GENEVESTIGATOR, and other analytical tools (Zimmermann et al., 2004). 

Due to this plethora of pathway and visualisation tools users may have to 
conduct a tool-by-tool study in order to determine which is most suitable to 
meet their research objectives (Huang et al., 2009). To illustrate overall states 
associated with particular treatments or changes, and support meaningful 
interpretation of intrinsically complex omics datasets, networks derived from 
coexpression analysis are often used in connection with pathway analysis 
(Porth et al., 2013). Visualization methods based on such networks can display 
relationships between variables in clusters or graphs, and capture raw 
similarities between various omics datasets using hierarchical clustering, K-
means clustering or correlation networks (Subramanian et al., 2005). 

Co-expression network analysis is used to determine which genes 
participate in a biological process or have similar functions to chosen target 
genes. This approach examines topological features such as connections 
(nodes), closeness, or interactions (edges) between variables, and generates 
graphs based on “guilt by association” evaluated using some predefined 
scoring or enrichment function (Oliver, 2000). These graphs do not necessarily 
show the state of the focal system or its direction of change, but they are useful 
for revealing similarity or coregulation (Saito et al., 2008), and provide very 
useful information when investigating molecular relationships and associations 
(Higashi & Saito, 2013). However, network analyses based on association or 
interaction alone may be inappropriate in some cases because their results can 
be unduly influenced by a small number of outlying interactions that cannot be 
reliably used to make generalizations or draw conclusions about the rest of the 
network. Consequently, this approach can generate false positives and 
negatives (Draghici et al., 2007; Gillis & Pavlidis, 2012). It is therefore 
important to combine information from multiple platforms, using 
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computational approaches such as OnPLS, which can efficiently handle 
outliers and thus enable robust data interpretation (Lofstedt et al., 2013; 
Srivastava et al., 2013). We have used OnPLS to identify interesting variables 
and visualize genes’ expression based on known ontological and functional 
data or established biological pathways. 
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2 Objectives 
The main objectives of the studies this thesis is based upon were: 
1. To enhance current understanding of wood biosynthesis by applying a systems 

biology approach to multilevel datasets concerning the process in field-grown and 
genetically modified aspen.  

2. To characterize changes in expression of several genes, proteins and metabolites 
from different tissue types and developmental zones in aspen stems with significant 
impacts on, and implications for, wood formation.  

3. To develop a systematic approach (based on transcriptomic, proteomic and 
metabolomic profiles of field-grown and transgenic aspen trees) for discovering 
functional connections. 

4. To create reference collections of genetic data including detailed stage-specific 
expression profiles that can be used to explore and elucidate biological processes 
involved in wood formation.  

5. To highlight a series of biological processes and pathways essential for wood 
development in hybrid aspen. 

6. To provide resources and tools to facilitate further investigation of these biological 
processes and pathways. 
 

In order to meet these objectives, we initially focused on evaluating and refining 
methods and tools for quantifying molecular events in wood samples, analysing the 
acquired data, and further characterization, pathway analysis and biological 
interpretation of detected patterns. Established multivariate methods were then used to 
study previously investigated and novel genes, using both wild-type plants and 
transgenics generated by SweTree Technologies, Umeå, Sweden. Finally we observed a 
series of biological processes essential for wood development in aspen. 
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3 Materials and methods 

3.1 Plant materials and sampling. 

The plant materials used in the work underlying the thesis were obtained from 
field-grown and transgenic aspen trees.  

The samples described and discussed in Paper I were scraped from the 
cambial regions of stems of transgenic  hybrid aspen (Populus tremula x P. 
tremuloides) plants expressing high-isoelectric-point superoxide dismutase 
(hipI-SOD) transcripts in antisense orientation, containing elevated superoxide 
levels, and wild-type controls. Three 12-week-old wild-type plants and three of 
each of two antisense lines (designated AS-SOD9 and AS-SOD24) were 
sampled. 

The samples used in the study reported in Paper II were tangential sections 
with thicknesses of 20-160 µm spanning all stages of wood development from 
phloem, through cambium, cell expansion and xylem to cell death zones. In 
total, 482 sections were taken from the stems of four 47 year-old Populus 
tremula trees harvested in a Swedish forest. 

In the study described in Paper III, field-growing aspen trees (P. tremula) 
were bound with string and held at a 45° angle relative to the ground in order 
to induce tension wood formation. Two biological replicates of control and 
induced trees were sampled after four weeks and tangential phloem, cambium 
and xylem tissues were obtained from the stem. 
Paper IV presents an investigation of the SCAMP3 gene’s function in P. 
tremula x P. tremuloides trees using three transgenic p35S Potri.019G104000 
(SCAMP3)-RNAi lines. The living part of the xylem was scraped and collected 
from two-month-old stems of seven wild-type trees and four to five trees 
representing each of the transgenic lines. 

The samples used in the studies described in Papers I and IV were obtained 
by scraping with scalpels, after which they were immediately flash-frozen in 
liquid nitrogen as described by Celedon et al. (2007). All samples were then 
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ground into a fine powder in a mortar cooled with liquid nitrogen and the 
resulting powder was analysed immediately or stored at -80°C until needed for 
analysis.  

The sections used in studies reported in Papers II and III were cut by high-
resolution tangential cryosectioning. Sections 20 μm thick (20 μm × 2 mm × 
20 mm, ≈0.5 mg, fresh weight) were cut from each tree’s stem, through the 
wood formation zones (extending from the phloem through the cambium to the 
mature xylem), following previously described procedures (Uggla et al., 1996 
and 1998). Some of the samples were pooled during analysis as described in 
Paper II with final sections ranging from 20-160 µm thick. 

3.2 Transcriptomic Microarray Analysis and RNA sequencing 

A commonly used tool for studying gene expression is microarray analysis, 
where the expression profile of various genes is estimated from the amount of 
hybridized mRNA bound to each site on an array. This is done by first 
extracting transcripts from the plant tissues under investigation, labelling the 
transcripts with fluorescent dyes such as cyanine dye Cy3/Cy5, hybridizing 
them to complementary DNA probes immobilised at predefined positions on 
an array, and washing. The fluorescent dyes in the stained transcripts are then 
stimulated with a laser, inducing emission of light, the intensity of which is 
measured and used as an indicator of the expression of corresponding genes. 
This enables the simultaneous global quantification of many mRNA 
transcripts, linking the information encoded in the transcripts to phenotypic 
variation (Malone & Oliver, 2011). 

Transcriptome profiles can be acquired by microarray analysis or RNA 
deep sequencing. These two techniques sometimes produce similar or 
complementary results (Bloom et al., 2009). The first methods for 
transcriptome analysis were based on microarrays, which were used to generate 
the transcriptomic data considered in Paper I. However, methods based on 
Next Generation Sequencing (NGS) of DNA (DNA-seq) or RNA (RNA-seq) 
are increasingly becoming the tools of choice because they offer broader gene 
coverage, higher resolution, superior sensitivity, better reproducibility from 
biological replicates, higher specificity (enabling allele-specific expression 
analysis), and abilities to discover novel transcripts and identify isoforms 
(Malone & Oliver, 2011). RNA-seq also avoids problems associated with 
probe redundancy and annotation, which can occur when using pre-designed 
microarray sequence detection probes. However, it should be noted that 
microarrays are still widely used because of user familiarity and the lower 
complexity of handling, storing, and analysing the data they provide (Zhao et 
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al., 2014). Because of the many advantages of NGS methodology, the 
transcriptomic data considered in Paper IV were acquired by RNA-seq. 

 RNA-seq involves converting isolated transcripts into complementary 
DNA (cDNA), which is then directly sequenced using next-generation 
sequencing technologies (Wang et al., 2009; Kogenaru et al., 2012). A 
common RNA-seq protocol begins by generating a double-stranded cDNA 
library using random or oligo(dT) primers exhibiting bias towards the 5 and 3 
ends of genes, which is used for mapping the ends of genes and identifying 
transcribed regions. The cDNAs, which are usually made from poly(A)+ RNA, 
are fragmented by DNase I and ligated to adapters. The resulting adapter-
ligated cDNA fragments are then amplified and sequenced in a high-
throughput manner to obtain very large numbers of short sequence reads 
(Nagalakshmi et al., 2010). Whole genome transcriptome maps are constructed 
by aligning and mapping the reads obtained to a reference genome, or if no 
reference genome is available, by de novo assembly of short reads (Wang et 
al., 2009: Nookaew et al., 2012). This mapping of the resulting reads onto a 
reference genome enables quantification of relative or absolute gene expression 
levels (Wang et al., 2009; Kogenaru et al., 2012).  

The transcriptomic data considered in Paper I were generated by microarray 
analysis and processed using standard in-house procedures developed at Umeå 
Plant Science Centre (UPSC) as described by Srivastava et al. (2013). The 
RNA-seq analysis presented in Paper IV was conducted using the Illumina 
platform. The analysed samples were sent to the Beijing Genome Initiative 
(BGI), China (Zhao et al., 2004), and raw reads received were 
mapped/assembled using standard in-house procedures. 

3.3 Proteomic mass spectrometry  

Identification and quantification of cells’, tissues’ or organisms’ proteins 
provides a window into complex regulatory networks. Gel-based methods 
involving (for example) separating proteins in two dimensions, e.g. size and 
charge, were traditionally used to fractionate complex protein mixtures, but 
research groups are increasingly using mass spectrometry for this purpose due 
to its far greater ability to separate and characterize complex mixtures 
(Kelleher, 2004). In mass spectrometric analysis, proteins are initially purified 
and then cleaved into peptides using a sequence-specific protease (in our case 
trypsin). The peptides are then analysed by mass spectrometry (MS), during 
which they are broken up into ionized fragments whose molecular masses are 
measured by following their specific trajectories in a vacuum (Steen & 
Mann,  2004). Peptides are analysed because they are easier to handle than 
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proteins. They have fewer solubility issues and are therefore less likely to 
create problems during MS analysis arising from the presence of detergents, 
they are less prone to modification during analysis, they are more readily 
ionised than the corresponding proteins, they are typically more amenable to 
MS detection (resulting in better MS sensitivity) and they provide more robust 
and comprehensive sequence information than can be obtained from analysis 
of whole proteins (Steen & Mann, 2004).  

UPLC-QTOF-MS rapidly provides information on the nature of specific 
protein/peptide components in complex plant mixtures (Link et al., 1999). Two 
commonly used ionization techniques for proteins are matrix-assisted laser 
desorption ionization (MALDI), which is suitable for high molecular weight 
proteins, and electrospray ionization (ESI), which is suitable for small 
quantities of material because it offers greater sensitivity, enabling detection of 
analytes at femtomole levels (Dutt & Lee, 2000). ESI was used in the UPLC-
QTOF-MS analysis presented in this thesis.  

Proteomic analysis steps such as digestion, purification, separation and data 
analysis affect the output from protein profiling (Wang et al., 2014). Thus, 
ways to improve all of these steps are being investigated. Major current 
objectives are to develop higher-resolution or more convenient separation 
techniques and more sensitive quantification protocols to facilitate analysis of 
post-translational modifications (Mann & Jensen, 2003). There is a particular 
need to develop methods for integrating information about levels of mRNA 
expression and the abundance of corresponding proteins in tissue samples in 
order to better understand the nature and functions of gene networks, and to 
explore their coordination (Dutt & Lee, 2000).  

The MS analyses reported in Papers II, III and IV involved label-free 
quantitation using the phase-transfer surfactant sodium deoxycholate following 
protocols presented by Masuda et al. (2008), with modifications. Plant tissue 
samples were digested with trypsin and the resulting complex peptide mixtures 
were separated using a nanoACQUITYTM UPLC system (Waters, 
Massachusetts), after which the separated peptides were analysed by QTOF-
MS using a Waters SynaptTM G2 HDMS mass spectrometer equipped with a 
nanoflow electrospray ionization (ESI) interface operating in positive 
ionization mode with a minimal resolution of 20,000. Data were processed 
using the Protein Lynx Global Server v.3.0 (Waters) and the resulting spectra 
were searched against Populus trichocarpa v3.0 sequences compiled in the JGI 
Comparative Plant Genomics Portal database (http://phytozome.jgi.doe.gov) 
(Tuskan et al., 2006; Goodstein et al., 2012; Nordberg et al., 2014) 
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3.4 Metabolomic mass spectrometry 

Metabolomics is essentially the characterization and quantification of as many 
low molecular weight compounds in samples as possible, at least in relative 
terms (Dettmer et al., 2007; Nicholson & Lindon, 2008). It is important 
because metabolic changes are the ultimate responses of biological systems to 
genetic modifications, representing the links between genotypes and 
phenotypes. However, reliable procedures for identifying and quantifying 
many plant metabolites have not yet been developed (Fiehn, 2002). 

Gas chromatography mass-spectrometry (GC-MS) is a powerful analytical 
technique for analysing metabolites, but the key separation step is vaporization, 
so it can only be applied to analytes that are sufficiently volatile and resistant 
to thermal decomposition. Thus, it is often necessary to derivatize samples or 
extracts prior to GC-MS analysis, but even with derivatization, some 
metabolites are not amenable to analysis by this method (Dettmer et al., 2007). 
In contrast, liquid chromatography (LC) using reversed-phase columns (RPLC) 
involves much milder differential partitioning of analyses between a liquid 
mobile phase and a stationary phase. Because analytes are not vaporised, it can 
accommodate a wider range of chemical species and no derivatization may be 
required. In the studies this thesis is based upon, both GC-MS and LC-MS 
were used in attempts to obtain information as many as possible of the primary 
and secondary metabolites present in the studied aspen samples, following 
standard procedures at the Swedish Metabolomic Centre (SMC), Umeå, 
Sweden. For reviews of mass spectrometry-based methods, see Dettmer et al. 
(2007) and Koek et al. (2011).  

  

3.5 Plant carbohydrate and cell wall analysis 

Plant carbohydrates and cell walls were analysed at the plant cell wall and 
carbohydrate analytical facility at UPSC/SLU. As described in Paper IV, the 
composition of polysaccharides was assessed by measuring monosaccharides 
released by methanolysis and acid hydrolysis (saccharification) following 
Gandla et al. (2015), in conjunction with Py-GC-MS techniques presented by 
Gerber et al. (2012; 2014). 

3.6 Chemometrics and multivariate statistics  

Biological systems analysis often generates massive datasets containing 
information on numerous responses, necessitating the use of chemometric 
techniques and multivariate statistics to untangle patterns in the data reflecting 
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complex transcriptomic, proteomic and metabolomics changes in the studied 
material. We used PCA and both ‘traditional’ OPLS regression analyses and its 
most recent formulation (OnPLS), to analyze the data considered in Papers I-
IV. PCA and OPLS were conducted using version 14.0 of the SIMCA software 
package (Umetrics, Umea, Sweden). 

PCA is an unsupervised pattern recognition method that maps the main 
variation in multivariate datasets onto a low-dimensional subspace (Trygg & 
Wold, 2002 and 2003). It can be described as follows.  

For a data matrix 𝑋 with 𝑁 rows (observations) in a 𝐾 dimensional space 
(where K is the number of variables), PCA creates hyper planes in the K-
dimensional space that approximate the data in the least squares sense and 
maximize the variance of the coordinates. Mathematically the data matrix 𝑋 is 
modelled as 

 
  𝑋 = 1𝑥 � +  𝑇𝑃′ + 𝐸.   
 
Where 𝑥 �  is the column average vector, 𝑇𝑃′  is the matrix product that 

models the structure, 𝑇 is the score matrix, 𝑃 is the loading matrix, and 𝐸  is 
the residual matrix. 

 The distribution pattern in a dataset can be examined using OPLS, which 
divides the systematic variation in the X data-block into two separate parts. 
One is predictive (denoted with the subscript 𝑝 in the equation below) and 
describes the correlation between X and y. The other part is orthogonal 
(denoted with the subscript 𝑜) and describes the variation uncorrelated to y. An 
OPLS model may be unsupervised (if observations are classified into groups 
before modelling based on prior knowledge), supervised (if observations are 
not pre-classified), or discriminate (if a Y matrix of binary dummy variables is 
used) (Trygg & Wold, 2002 and 2003; Rantalainen et al., 2008; Lofstedt et al., 
2013).   

 
For OPLS, the X-part of a single response variable or two-class discriminant 

model can be written as:  
  
𝑋 = 1𝑥 � +  𝑡𝑝 𝑝𝑝′ + 𝑇𝑜 𝑃𝑜′ + 𝐸    
 
and the 𝑦, OPLS model prediction, can be written as   
 
𝑦 = 𝑦 � + 𝑡𝑝 𝑞𝑝′ + 𝑓,           
 
where 𝑞𝑝′  and 𝑓  are the loading and residual vectors for y, respectively. 
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OPLS, as described above, was used in both stepwise and pairwise 

analyses. The stepwise, sequential, analyses involved first classifying 
sequential pairs of datasets representing biological transitions (notably, 
changes in expression patterns associated with transitions between word-
formation zones or phases) and then creating a local Orthogonal Projections to 
Latent Structures-Discriminant Analysis (OPLS-DA) model for each 
transitional pair. Each acquired OPLS-DA model was evaluated and its 
significance was tested by cross-validation and ANOVA of the cross-validated 
residuals (CV-ANOVA) before proceeding to the next step. Next, the 
predictive component of each OPLS-DA model, representing the scale and 
change in variable expression was generated, referred to as the 𝑝𝑑𝑖𝑠𝑡 profile, 
which also represents the information about the direction and magnitude of 
change in the variable expression pattern between consecutive zones. Finally a 
PCA model of all the resulting 𝑝𝑑𝑖𝑠𝑡   profiles was created, providing an 
overview of the consecutive variation across the time/developmental series and 
used for biological interpretation. 

The pairwise analytical procedure was similar, but OPLS models were 
constructed of differences within phases between controls and modified 
(transformed) material. Individual models were then connected to obtain an 
overall biological interpretation of the whole time series or process. 

As already mentioned, the y term in the OPLS equation may be a separate 
response matrix or data-block, which can be analyzed by two-way OPLS 
(O2PLS) which models and predicts both 𝑋 and 𝑦 and separates the structured 
noise in 𝑋 and 𝑦 from their joint  𝑋 − 𝑦  covariation (Trygg & Wold, 2002 and 
2003). However when multiple datasets are involved, OnPLS (an extension of 
O2PLS) provides better generalization of the data (Trygg & Wold, 2002 and 
2003; Rantalainen et al., 2008; Lofstedt et al., 2013). 

OnPLS modelling efficiently handles differences in sizes and connections 
of datasets obtained using different platforms (independently of platform 
order), while simultaneously linking intrinsic flows of information between 
different platforms or datasets. This enables robust interpretation of joint 
factors affecting variation and facilitates biological interpretation of data from 
individual, connected or correlated platforms. OnPLS analyses data acquired 
from all platforms or sources simultaneously and separates the corresponding 
variation into: a shared part (common to all blocks, referred to as globally joint 
variation); local parts (shared by some, but not all, blocks; referred to as locally 
joint variation); and unique parts (variation that is unique to a specific platform 
or dataset) (Lofstedt et al., 2013; Srivastava et al., 2013). Figures 4a and 4b 
show numbers of possible levels of biological examination enabled by OnPLS 
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in cases involving three (7 or more possible levels of analysis) and five (21 or 
more possible levels of analysis) different platforms/data sources, respectively. 
This ability to examine relationships between different datasets at multiple 
levels enables the comprehensive, correlated and detailed characterization of 
complex and diverse responses, which is essential for systems biology.  

 

 
 
Figure 4. An illustration of what OnPLS does in cases involving three data blocks (X1, X2 and X3) 
and five blocks (X1, X2, X3, X4 and X5) from separate platforms. Panel A is adapted from 
Srivastava et al. (2013). Panel B is adapted from illustrations in Paper IV. 

The equation of the first matrix in an OnPLS model for three blocks can be 
written as: 
 

𝑿1 =  (𝑿1∩𝑿2∩𝑿3)
𝑔𝑙𝑜𝑏𝑎𝑙𝑙𝑦 𝑗𝑜𝑖𝑛𝑡 𝑝𝑎𝑟𝑡

+  �(𝑿1∩𝑿2)\𝑿3�+�(𝑿1∩𝑿3)\𝑿2�
𝑙𝑜𝑐𝑎𝑙𝑙𝑦 𝑗𝑜𝑖𝑛𝑡 𝑝𝑎𝑟𝑡

+ �𝑿1∩(𝑿2∪𝑿3)�������������
𝑢𝑛𝑖𝑞𝑢𝑒 𝑝𝑎𝑟𝑡

  

 

where ∪ is the set union operator, ∩ is the set intersection operator, \ is the set 
difference operator and 𝑋� is the set complement (adapted from Srivastava et al. 
(2013). 

 
Papers I and III focus on global expression analysis, which provides a 

simultaneous, unifying biological theme (Subramanian et al., 2005), and 
comprehensive overlap across all studied platforms. More detailed descriptions 
of PCA, OPLS, its discriminant analysis variant (OPLS-DA), and OnPLS can 
be found in Trygg & Wold (2002 and 2003), Rantalainen et al. (2008) and 
Lofstedt et al. (2013). In the study reported in Paper I, OnPLS was used to 
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integrate data from the following analytical platforms: transcriptomic 
(microarrays), proteomic (UPLC-QTOF-MS) and metabolomic (Gas 
Chromatography-Time of Flight-Mass Spectrometry (GC-TOF-MS), Ultra 
Performance Liquid Chromatography-Mass Spectrometry (UPLC-MS), and 
Ultra High Performance Liquid Chromatography coupled to a Linear 
Quadrupole Ion Trap-Orbitrap Mass Spectrometer (UHPLC-LTQ/MS). 

Paper II describes a stepwise modelling approach in which sequential OPLS 
models were created to represent changes in successive developmental zones 
within the studied stems.  

OPLS and pairwise modelling were used in Paper III to compare tension 
and normal wood at distinct developmental stages. These approaches enabled a 
comprehensive investigation of poplar wood development and interpretation of 
the relevant biological pathways using several multivariate statistical tools. 

Paper IV presents an analysis of data obtained from nine platforms. OnPLS 
was used to integrate data from transcriptomic microarray results and four 
sources of metabolomic data: UPLC-QTOF-MS, GC-TOF-MS, UHPLC-MS, 
UHPLC-LTQ-MS, and Py-GC-MS described in the Paper. Data from four 
other platforms were analyzed individually: monosaccharide analysis by 
methanolysis followed by silylation using hexamethyldisilazane and 
trimethylchlorosilane then GC-MS analysis, monosaccharide analysis by acid 
hydrolysis and high-performance and anion exchange chromatography 
(HPAEC), saccharification analysis, and phenotypic measurements (growth, 
height, density). The results of these individual analyses were subsequently 
correlated with the OnPLS results during biological interpretation. 

 

3.7 Pathway analysis and visualisation  

Pathway analysis and visualization is essential for comprehensive 
understanding of large omics datasets and thus is increasingly common in plant 
sciences (Porth et al., 2013).  

We examined pathways affected in the material we analysed using 
information from the Kyoto Encyclopedia of Genes and Genomes (KEGG) 
database (Kanehisa & Goto, 2000; Kanehisa et al., 2011) and MAPMAN (a 
user-driven tool providing pathway and biological process information (Thimm 
et al., 2004). The information obtained from the KEGG and MapMan 
databases was painted using Paintomics Version 2.0 
(http://www.paintomics.org; García-Alcalde et al., 2011), to map and visualize 
the associated transcripts, proteins and metabolites. This enabled efficient 
examination, connection and visualization of several pathways, providing an 
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overall view of the corresponding omic changes, and revealing correlated 
transcript-, metabolite-, and protein-level changes as shown in Figure 5. 

 
Figure 5. KEGG Glycolysis/Gluconeogenesis pathway and Pentose Phosphate Pathways 
‘painted’ with transcriptomic, proteomic and metabolomic data from the targeted OnPLS model. 
Black-bordered entry boxes indicate significant differences between transgenic and WT plants at 
both transcript and protein levels. The first three sections of each gene box (left to right) indicate 
WT, AS-SOD9 and AS-SOD24 transcript levels, respectively, and the last two protein levels in 
AS-SOD9 and AS-SOD24 lines, respectively. The first sections in the metabolite entry boxes 
represent WT and the coloured boxes levels in the AS-SOD9 and AS-SOD24 lines. Reduced 
levels in the transgenics are coloured blue and increased levels red. (Figure 4 from Srivastava et 
al., 2013) 

Wood expression patterns across the series of wood development stages 
were visualized using PermutMatrix software v.1.9.3 (Caraux & Pinloche, 
2005) in Papers II and III.  
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4 Results and discussion 

4.1 Proper integration of multiple data measurements  

The study reported in Paper I was our first application of systems biology to 
analyse oxidative stress responses in aspen. Oxidative stress tolerance 
mechanisms in plants are complex (Mittler, 2002; Srivastava et al., 2013), so a 
multivariate modelling approach was used to statistically integrate information 
on global (transcriptomic, proteomic and metabolomic) responses to oxidative 
stress in the cambium region of the Populus model system. Samples were 
collected from the cambial region of wild-type controls and aspen plants 
expressing hipI-SOD transcripts in antisense orientation. Data were generated 
using transcriptomic (microarray analysis), proteomic (UPLC-QTOF-MS), and 
metabolomic (GC-TOF-MS, UPLC-MS, and UHPLC-LTQ-MS) platforms. 
These data were then statistically integrated using the most recent formulation 
of the established OPLS approach, OnPLS.  

Both abiotic and biotic stressors can disrupt the cellular redox state in 
plants, thereby causing rises in levels of Reactive Oxygen Species (ROS), with 
corresponding effects on various physiological and developmental processes 
(Apel & Hirt., 2004; Scandalios, 2005; Mittler et al., 2011). Oxidative stress 
responses are complex (Mittler, 2002) and ROS have been shown to play key 
roles in plant stress signalling cascades affecting numerous biological 
processes including growth, development, and responses to diverse stimuli. 
They are also hypothetically involved in crosstalk with several signalling 
pathways that regulate various responses in plants (Morgan & Liu, 2011; 
Srivastava et al., 2013; Baxter et al., 2014). However, few attempts have been 
made to comprehensively and simultaneously characterize related 
transcriptomic, proteomic and metabolomics profiles, which is essential for 
fully elucidating stress responses (Higashi et al., 2006). The systems-level 
approach described in Paper I is therefore essential for understanding the 
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complex interplay between gene regulation, post-translational modifications 
and metabolic fluxes in aspen (Yuan et al., 2008; Paper I; Srivastava et al., 
2013). The multi-omic profiling required for full analysis generates extremely 
large, complex datasets, and biologically meaningful interpretation of such 
datasets requires use of powerful systems biology techniques for integrating 
multidimensional information into networks. 

Results presented in Paper I provided significant information about 
functional and pathway responses to oxidative stress from the OnPLS model.  

 We observed that as the plants were stressed protective antioxidant 
processes were induced, as manifested in the degradation of oxidized proteins. 
This appeared to be mediated by an induced, free 20S proteasome which plays 
a non-proteolytic role in transcriptional regulation with elevated proteasome 
activity, enhancing the responsiveness of plants’ signal transduction pathways 
and increasing their stress resistance levels by accelerating removal of 
damaged proteins (Kurepa & Smalle, 2008). This was also evident from the 
upregulation at both protein and transcript levels of PBA1 (20S proteasome 
beta subunit A1, POPTR_0018s14290) in the transgenic plants. The 
Arabidopsis homologue of the 20S proteasome At4g31300 has been previously 
been shown to be up-regulated in response to stress and involved in cell wall 
division/regeneration (Kurepa & Smalle, 2008; Polge et al., 2009).  

Paper I also highlighted an important role of a less intensively investigated 
pathway (the pentose phosphate pathway, PPP) in Populus model systems, 
further supporting a systems biology approach. Notably, many transcripts and 
proteins involved in carbon metabolism pathways, such as the 
glycolysis/gluconeogenesis and PPP were strongly affected in the transgenics. 
However, while pyruvate decarboxylase (POPTR_0016s12760, PDC1.5), 
fructose-bisphosphate aldolase (POPTR_0006s17940) and glyceraldehyde-3-
phosphate dehydrogenase (POPTR_0015s10330, GAPDH 1.2) were 
upregulated at transcript level, they were downregulated at protein level 
(Figure 5). A cytosolic fructokinase (POPTR_0007s01850), transaldolase 
(POPTR_0003s16030) and transketolase (POPTR_0002s14730) were 
upregulated at both transcript and protein levels. Transketolase and 
transaldolase both provide reversible links between the PPP and glycolysis 
(Matsushika et al., 2012), and PPP and glycolysis have been suggested to 
contribute to ROS balance and scavenging (Casado‐Vela et al., 2005; García-
Leiro et al., 2010; Krüger et al., 2011). In combination with the 
downregulation of sucrose and xylose levels, these observed changes in 
transcript and protein levels indicate a shift towards the breakdown of 
carbohydrates with a profound rearrangement of primary carbon metabolism in 
response to an imbalanced redox state. These observations are very important 
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since sugar signaling is strongly linked to plant growth and development 
(Lastdrager et al., 2014). They also reveal strong connections between 
glycolysis, PPP, carbon metabolism, oxidative stress and an “emergency 
strategy” that reroutes metabolic fluxes from glycolysis to the PPP as an 
immediate and protective response to oxidative stress (Ralser et al., 2007).  

Ribosomal proteins are involved in protein synthesis and plant growth, 
which are highly energy demanding processes (Roux & Topisirovic, 2012; 
Lastdrager et al., 2014). Ribosomal proteins (r-proteins) were highly 
downregulated, indicating downregulation of protein synthesis, in the results in 
Paper I. Ribosome biogenesis and mRNA translation are also highly energy-
demanding processes (Roux & Topisirovic, 2012), so this downregulation 
would provide major savings in energy consumption and the low energy levels 
would trigger cells to switch to an energy preservation mode. This supports the 
hypothesis that r-protein downregulation may contribute to a reprogramming of 
energy transformation processes that consequently affects maturation and cell 
death-associated signals in the transgenic plants (Paper I; Srivastava et al., 
2013). 

These findings require further validation in plants since most previous 
observations supporting them were obtained from single-level studies of other 
systems, corroborating the need for more detailed multi-level (transcript-
protein-metabolite) systems approaches. 

 

4.2 Developmental regulators and molecular foundations of 
wood development.  

Detailed understanding of wood formation is essential for numerous aspects of 
both pure and applied plant science, due to the associated cellulose and lignin 
biomass production (Plomion et al., 2001). For example, knowledge of 
molecular events involved in wood formation is essential for screening and 
forward genetics approaches to modify wood quality in desired ways (Mishima 
et al., 2014). However, transcriptomic data do not always correlate with levels 
of expressed proteins (Fournier et al., 2010) due to effects of post-translational 
modifications and variations in turnover rates, so proteomic analysis is 
essential to characterize key transitions during wood development. Proteomics 
offers a high-throughput approach for determining key regulators during 
successive stages of wood developmental. However, because of difficulties 
related to sample preparation and low protein concentrations, most studies have 
largely focused on transcripts, selected protein families and/or relatively large 
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wood sections (Vander et al., 2000; Schrader et al., 2004; Bylesjö et al., 2008; 
Dharmawardhana et al., 2010; Zhong et al., 2011; Lin et al., 2014).  

In the study reported in Paper II, proteomic (UPLC-QTOF-MS) analysis 
was used to quantify protein expression in tangential, 20-160 µm thick sections 
spanning all wood development zones in Populus tremula from phloem, 
through cambium and the expansion, xylem maturation and cell death zones. 
This high-resolution developmental series comprised 482 sections from four, 
47-year-old trees harvested in the forest.  

Paper III presents a proteomic analysis of global expression of phloem, 
cambium and xylem cell types in normal and tension wood of Populus. This 
revealed several cellular processes influencing tension wood formation through 
changes, for instance, in the expression of proteins involved in starch and 
sucrose metabolism, protein signalling, and possible reprogramming of the 
plant’s energy transformation machinery, reflecting the high energy demands 
associated with the process. 

The study presented in Paper II involved modelling by a combination of 
PCA, OPLS and an enhanced stepwise linear approach that identified major 
transitions in global protein expression profiles, pinpointing (inter alia) the 
location of the cambium division leading to phloem and xylem cells, and the 
secondary cell wall formation zone.  

 Potential regulators of phloem functions (Schrader et al., 2004), which 
include several sucrose transporters (Potri.015G029100, SUS6.1; 
Potri.004G081300, SUS6.2; Potri.017G139100, SUS5; and Potri.012G037200, 
SUS6.3), were significantly upregulated in phloem compared to cambium 
(Figure 6 in the thesis and Additional File 2: Tables S2.1-7 in Paper II), 
supporting the hypothesis that active sucrose transport from the phloem into 
the cambium region and beyond is important for wood formation (Mahboubi et 
al., 2013). 

Wood formation in trees is initiated in the vascular cambium and involves 
undifferentiated cambial cells developing into phloem (outwards) and xylem 
cells (inwards) through the processes of division, expansion, secondary wall 
formation, lignification, and finally (in xylem) programmed cell death 
(Hertzberg et al., 2001). The multivariate analysis described in Paper II 
revealed clear, progressive trends across the wood-forming zone with the 
phloem, cambium and expansion zone samples clustered in the top left 
quadrant of score plots, the X1, X2 and X3 xylem samples segregated mainly 
to the right, while xylem-X4 samples clustered in the bottom left quadrant 
(Figure 6; see the Methods section in Paper II for descriptions of the X1-4 
xylem zones). There were also clear trends, not only between sequences of 
clusters in the PCA model plot including data from all samples collected from 
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all sampled trees, but also within clusters, as illustrated by the almost linear 
transition within and through the Xylem-X3 zone to the X4 zone, not 
previously reported to our knowledge. Figure 6 shows a novel visualisation 
plot which can be used to facilitate time series analysis in future tree selection. 

 

 
Figure 6. Joint genotype effect scores from the global PCA model. The PCA model includes data 
from all samples, from all four sampled trees. The score plots revealed clear progressive trends 
across the series of development zones in the sampled wood. P, C, E, X and XAR refer to phloem, 
cambium, expansion zone, xylem (divided into four sub-zones: X1, X2, X3 and X4), and xylem 
annual ring border, respectively (Paper II). 

 
A major component of primary cell walls is pectin, and changes in pectin 

composition identified in poplar in relation to cambial cell differentiation 
indicate that pectin methylesterases are useful early markers of cambial 
differentiation into either phloem or xylem (Guglielmino et al., 1997).  Pectin 
methylesterases have been shown to act as negative regulators of symplastic 
and intrusive growth of developing wood cells in tissues of hybrid aspen, 
causing changes specifically in expanding wood cells (Siedlecka et al., 2008). 
We observed that the pectin acetylesterase protein Potri.003G046200 was 
downregulated in the Cambium-Expansion Zone and Expansion Zone-Xylem 
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X1 transitions, while the pectin methylesterase protein Potri.001G162400 was 
upregulated in the phloem-cambium transition and downregulated in the 
cambium-expansion zone transition. These observations show that pectin is 
degraded and influences regulation of intrusive growth in woody tissues. 

Roles of some proteins in specific zones have been at least partially 
elucidated in previous studies but analysis such as this provides opportunities 
for more comprehensive interpretation of stage-specific profiles and processes, 
which is essential for understanding wood formation. Moreover, this analysis 
identified other key proteins and associated pathways underlying these 
developmental landmarks, some of which are shown in Figures 7 and 8, and 
discussed in detail in Paper II.  

 
Figure 7. Visualization of patterns and trends of differentially expressed protein families across 
the series of development zones. Profiles of protein families encoding or involved in ribosomal 
biogenesis, secondary metabolism; glycolysis and major CHO metabolism. The red, green, and 
black color-codes indicate downregulation, upregulation and no change in expression, 
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respectively, in indicated transitions. Symbols: C, Phloem-Cambium transition: E, Expansion 
Zone; X, Xylem (divided into X1, X2, X3, X4 zones). 

 

 
Figure 8. Visualization of patterns and trends of the differentially expressed protein families 
across the series of development zones. Profiles of protein families encoding or involved in cell 
wall, cell organization, protein degradation and miscellaneous proteins. The red, green, and black 
color-codes show downregulation, upregulation and no change in expression, respectively, in 
indicated transitions. Symbols: C, Phloem-Cambium transition: E, Expansion Zone; X, Xylem 
(divided into X1, X2, X3, X4 zones). 

Tension wood (TW) is produced as a result of mechanical stress in plants 
and has distinctive structural, chemical composition and wood properties 
(Mellerowicz & Sundberg, 2008). The processes involved in its formation 
include stimulation of cambial growth at the upper stem side (TW), inhibition 
of growth at the lower (opposite wood) side, and a switch from vessel to fibre 
differentiation (Hellgren et al., 2004). Paper III reports a proteomic analysis of 
global expression of phloem, cambium and xylem cell types in normal and 
tension wood of Populus. Understanding of the mechanisms underlying TW 
formation are still limited, and most previous analyses of the process have 
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focused on differential gene expression profiles (Andersson-Gunneras et al., 
2006; Chen et al., 2015). In contrast, we have provided the first (to our 
knowledge) extensive, multivariate and high-resolution stage-specific 
proteomic profiles. In our study, we focused on proteins based on the 
quantification of unique peptides in order to examine the expression pattern 
along the wood series.  

Various aspects of several cellular processes influencing TW formation, 
such as the high energy demand manifested in variations in proteins involved 
in the starch and sucrose metabolism pathway, protein signalling, and possible 
reprogramming of the plant’s energy transformation machinery, were 
unravelled and discussed in detail in Paper III. The key roles of many proteins, 
e.g. several members of the fasciclin-like arabinogalactan (FLA) protein 
family, S-adenosylmethionine synthetase family protein (SAM), sucrose 
synthase (SUS) and UDP-glucose pyrophosphatase (UGP) in Normal wood 
(NW) and TW were unravelled in Paper II. 

In the imminent future sequences of most genes of several plant species will 
be available in public databases, but elucidating the biological functions of 
some proteins they encode may pose a major challenge (Vander et al., 2000). 
Proteomic research is likely to play valuable roles in efforts to address this 
challenge as rapid advances are massively enhancing both the quantity and 
quality of information it provides. Another important contribution of Papers II 
and III in this context is that they provide first steps towards construction of a 
protein stage-specific resource or database, and foundations for detailed 
characterization of key players throughout the entire wood development 
process in stems of plants generally and Populus particularly. 

 

4.3 Systems analysis of variation and phenotypic perturbations. 

According to Yang et al. (2014), “System biology is defined as the study of 
interactions among biological components to integrate genes, metabolites, 
proteins, regulatory elements, and other biological components”. We adopted 
this approach most intensively in an investigation of the role of secretory 
carrier membrane proteins (SCAMPs) in wood formation (Paper IV). These are 
highly conserved 32–38 kDa proteins that are involved in membrane 
trafficking, but their trafficking routes in aspen are largely unknown (Law et 
al., 2012). In our study (the first comprehensive investigation of SCAMPs’ 
roles in plants to our knowledge) we addressed effects of nine biological 
factors and functions of Populus SCAMP genes in transgenic Populus trees 
carrying an RNAi construct for Populus tremula x tremuloides SCAMP3 
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(PttSCAMP3; Potri.019G104000), which suppressed expression of two 
PttSCAMP genes: PttSCAMP3 and PttSCAMP6 (Figure 9). 

 
 

 
Figure 9. Expression of the PttSCAMP genes in the wild type and three PttSCAMP3 RNAi lines. 
Relative expression values ±SD were obtained from the RNA sequencing datasets. 

 
Our analysis revealed that the secondary xylem of the transgenic trees 

exhibited increased deposition of all major secondary wall polymers, including 
carbohydrates, lignin and suberin, resulting in increases in both wood density 
and formation of suberized bark. These findings are summarised in Figure 10 
(adapted from Paper IV).  
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Figure 10. Biosynthetic pathways of cellulose, hemicellulose and lignin. The abundance of the 
secondary cell wall-related metabolites, transcripts (Trans) and proteins (Prot) in the PttSCAMP3 
RNAi lines compared to wild type plants. ↑ in blue square, upregulated in PttSCAMP3 RNAi 
lines; ↑↑ in blue, significantly (|p(CORR)| >0.5) upregulated in PttSCAMP3 RNAi lines; ↓ in red 
square, downregulated in PttSCAMP3 RNAi lines; ↓↓ in red square, significantly (|p(CORR)| 
>0.5) downregulated in PttSCAMP3 RNAi lines.  Metabolites are shown in bold boxes with the 
colour codes as indicated above. 
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The genes and proteins depicted in the figure correspond to the following Populus trichocarpa 
gene models according to JGI V3.0: Fructokinase 1 (Potri.017G126300); Fructokinase 2 
(Potri.007G129700); Fructokinase 3 (Potri.017G029000); Fructokinase 4 (Potri.012G132700); 
Fructokinase 5 (Potri.004G089300); Fructokinase 6 (Potri.015G134900); Fructokinase 7 
(Potri.019G063600); Hexokinase 1 (Potri.001G190400); Hexokinase 2 (Potri.005G238600); 
Hexokinase 3 (Potri.009G050000); Hexokinase 4 (Potri.018G088300); Hexokinase 5 
(Potri.001G254800); Cytosolic  INV 1 (Potri.014G188100); Cytosolic  INV 2 
(Potri.013G110800); Cytosolic  INV3 (Potri.019G082000); Sucrose synthase 3 
(Potri.002G202300); Sucrose synthase 4 (Potri.006G136700); Sucrose synthase 5 
(Potri.018G063500); Sucrose synthase 6 (Potri.004G081300); Sucrose synthase 7 
(Potri.012G037200); Glucose-6-phosphate isomerase 1 (Potri.008G118900); Glucose-6-
phosphate isomerase 2 (Potri.002G104000); UDP-D-apiose/UDP-D-xylose synthase 1 
(Potri.009G150600); UDP-D-apiose/UDP-D-xylose synthase 2 (Potri.004G189900); UDP-
glucose 6-dehydrogenase 1 (Potri.017G092000); UDP-glucose 6-dehydrogenase 2 
(Potri.004G118600); UDP-glucose 6-dehydrogenase 3 (Potri.010G159800); UDP-glucose 6-
dehydrogenase 4 (Potri.008G094300); UDP-GLC 4-epimerase 1 (Potri.003G123700); UDP-GLC 
4-epimerase 2 (Potri.003G140900); UDP-GLC 4-epimerase 5 (Potri.001G090700); UDP-D-
xylose synthase  (UXS) 1 (Potri.006G214000); UDP-D-xylose synthase  (UXS) 2 
(Potri.014G129200); UDP-D-xylose synthase  (UXS) 3 (Potri.010G207200); UDP-D-xylose 
synthase  (UXS) 4 (Potri.002G204400); UDP-D-xylose synthase  (UXS) 5 (Potri.001G237200); 
UDP-D-xylose synthase  (UXS) 6 (Potri.008G053100); UDP-D-xylose synthase  (UXS) 7 
(Potri.016G080500); Transketolase 1 (Potri.002G146300); Transketolase 2 (Potri.014G068200); 
UDP-D-glucuronate 4-epimerase (Potri.002G146500); Rhamnose biosynthesis 1 
(Potri.006G272700); Rhamnose biosynthesis 2 (Potri.001G383500). 

Systems application of multivariate OnPLS in the modelling of five large 
datasets (describing the transcriptome, proteome, GC-MS metabolome, LC-MS 
metabolome and pyrolysis-GC/MS metabolome) collected from the secondary 
xylem tissues of stems revealed systemic variation of the studied variables in 
the transgenic lines as well as changes that correlated with changes in 
abundance of the cell wall polymers. Moreover, the OnPLS model identified 
covariation of a large number of proteins such as those related to secretion, 
endocytosis, and cell wall biosynthesis, many of which were more abundant in 
the PttSCAMP transgenic lines than in the wild type.  

Although we focussed on the globally joint component in Papers 1 and IV, 
our enhanced OnPLS and pathway approach provides possibilities for future 
studies to investigate the unique variation in each block or platform, locally 
joint variation and residuals, as illustrated in Figure 11. 
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Figure 11. Illustration of variation explained and possibilities for applying the OnPLS approach 
to blocks/platforms: the globally joint component, locally joint component, unique variation and 
residuals. 
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4.4 Challenges in omics analysis 

Systems biology investigations, such as those presented in this thesis, pose 
several challenges that are discussed in this section. Although transcriptomic, 
proteomic and metabolomic analyses are interrelated, and each of the 
experiments may probe patterns in a defined space- and time-frame, they may 
produce datasets of radically different types and sizes, which are challenging to 
combine in order to obtain a complete overview (Benkovic et al., 2013). The 
differences in data size and type can be addressed by normalisation procedures 
or the integration capabilities of OnPLS to some extent, but many practical 
challenges remain in cross-experiment comparisons, and are likely to increase 
as the number of datasets or platforms is likely to rise in the imminent future 
(Joyce & Palsson, 2006). Equally challenging and crucial concerns arise when 
matching transcripts to protein families or comparing different species (e.g. 
Populus spp. and Arabidopsis thaliana). Searches for similar sequences in 
databases (e.g. BLAST searches of Phytozome) may be highly valuable for 
identifying orthologous genes or protein matches, but this is time consuming 
and may require advanced bioinformatics knowledge (Tuskan et al., 2006; 
Goodstein et al., 2012; Nordberg et al., 2014).  

However, pathway analysis can greatly reduce the complexity of the 
patterns in considered datasets and massively increase explanatory power 
during the interpretation of observations, thereby enormously enhancing 
insights into the processes reflected by differentially expressed genes, proteins 
and metabolites (Khatri et al., 2012). Numerous studies have examined one or 
two pathways, but in the studies presented here attempts have been made to 
characterise changes in all possible pathways to examine all possible biological 
responses and processes captured in the datasets, and the inter-connections and 
information flows between pathways. A complicating factor is that integrating 
transcriptomic, proteomic, and metabolomics datasets generates vast amounts 
of information related to numerous genes, gene products, biological responses 
and/or pathways. This creates challenges for selecting the aspects that are most 
relevant to the focal biological questions, while ensuring that others (which 
may be less significant according to the multivariate analysis, but still 
important) are not overlooked. The challenges associated with biological 
complexity and integrating fragmented aspects of biological research are being 
intensively addressed (Efron & Tibshirani, 2007; Akula et al., 2009). 

Localisation and functional annotation of identified transcripts and proteins 
(which are often critical for robust biological interpretation of acquired data) 
are also challenging. These crucial data processing steps often involve Gene 
Ontology (GO) classifications and/or inferences of localisation from published 
experimental or computational work, but experimental data are rarely available 
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for all the genes or taxa covered, and many genes are expressed in multiple 
locations (Ashburner et al., 2000; Buza et al., 2008; Gene Ontology 
Consortium. 2013). 

Evolutionary events such as whole-genome and segmental duplications 
have raised further challenges for orthologous gene identification across 
multiple species, and hence for interpreting and comparing results from poplar 
studies to published findings regarding other taxa (Patel et al., 2012). Equally 
challenging and crucial problems are posed by isoforms and paralogs in 
proteomic analysis. These are currently being addressed, to some extent, by 
focusing on unique peptides characteristic for each protein or protein isoform, 
using stable isotopes to monitor individual protein turnover rates or specific 
sets of peptides for targeted analysis. However, post-transcriptional events 
(splicing) and post-translational changes (including modifications, proteolytic 
processing and complex formation) still pose practical problems that hinder 
quantitative proteomics, and further advances in analytical techniques are 
required to solve them  (Doherty et al., 2005; Kuster et al., 2005; Domon et al., 
2006).  

All platforms (transcriptomic, proteomic, metabolomic and wood 
chemistry) are rapidly developing and the challenges discussed above are being 
intensively addressed (Srivastava et al., 2013). Thus, further advances are 
likely to massively increase the scope of omic research. However, my 
colleagues and I believe that the approach presented in this thesis provides 
sound foundations for overcoming some of these challenges and improving 
understanding of plants’ responses and development. 
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5 Conclusions and future perspectives 
The work described in this thesis has introduced new systems biology 
modelling strategies that enable the efficient integration of complex multi-
platform datasets in order to increase our understanding of correlated multi-
level and connected responses to perturbations, or developmental processes, in 
plants. 

We began in the study presented in Paper I by proposing an enhanced 
framework for investigating and understanding multi-level oxidative stress 
responses and their influence on phenotypic variation in transgenic hipI- 
superoxide dismutase Populus plants. This analysis provided systems-level 
information on the biological pathways involved in the oxidative stress 
response. A previous attempt along the same lines using the O2PLS method 
had failed to adequately integrate the diverse data blocks because of its non-
symmetrical nature and order-dependence. The new approach adopted in the 
study was based on the multivariate OnPLS method, which is fully 
symmetrical and data block-independent. The analysis revealed new multilevel 
biological information and highlighted results that could not have been readily 
obtained using traditional statistical methods.  

We continued by proposing a new modelling strategy: a combination of 
PCA, OPLS modelling and an enhanced stepwise linear modelling approach 
linking profiles of successive zones (Paper II). This technique identified major 
transitions in global protein expression, pinpointing (among other things) the 
location of the cambium division leading to phloem and xylem cells, and the 
secondary cell wall formation zone in aspen. Our analysis provided the first 
clear, transparent, stepwise overview of the entire wood formation process in 
aspen, and illustrated the potency of combined application of several 
multivariate statistical tools. 

The study presented in Paper II was based on data gathered from four 47-
year-old trees. Paper III describes a similar study that compared the biological 
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differences between normal and tension wood in different zones. We applied a 
multivariate approach related to the method described in Paper II, focussing on 
pairwise correlations between the tension and normal wood in each zone. The 
method was based on a combination of PCA and pairwise OPLS, with 
subsequent complementary evaluation of the results by multiple pairwise 
univariate analyses. 

Finally, we sought to consolidate our systems understanding by using a 
combined multivariate approach to integrate data from nine platforms to 
investigate as much variation associated with selected system perturbations as 
possible. A multidisciplinary approach involving the most recent formulation 
of the OnPLS method was used to analyze a set of transgenic Populus trees 
that were identified as having a superior rate of biomass production. OnPLS 
was used to create a model integrating data from five separate platforms. The 
results obtained indicate that the PttSCAMP proteins control membrane 
trafficking in fine-tuning of the abundance of cell wall polymers. 
Consequently, targeted modification of the SCAMP proteins could be a 
powerful tool for forest biotechnology, e.g. for increasing deposition of 
secondary cell wall material in wood without impairing trees’ overall growth.  

The systems approach adopted in the research underlying this thesis 
provided new understanding of several biological processes, including 
oxidative stress responses, tension wood formation and secondary cell wall 
formation. It also enhanced our understanding of wood biosynthesis through 
the simultaneous characterisation of changes in transcript, protein and 
metabolite expression. A key outcome was the creation of a broad reference 
genetic data collection for both field-grown and transgenic lines, providing a 
valuable resource and tools for future investigations of biological processes 
and pathways. We anticipate that the strategies and results presented in this 
thesis will significantly facilitate the future design and generation of forest 
trees with improved properties. 

In summary, our proposed systems approach provides a comprehensive 
understanding of various biological processes and pathways in wood formation 
and will facilitate the acquisition of new insights into molecular developmental 
processes in aspen. The multivariate OnPLS method applied (incorporating 
recent advances) allowed identification of co-variation within several datasets 
of different types, such as those derived from the transcriptomic, proteomic and 
metabolomic analyses, in a manner that would not be possible using standard 
statistical methods. Moreover it revealed a critical role of the SCAMP-
dependent pathway in growth of secondary cell walls in stems, and provided a 
systems-level interpretation of biological responses and pathways controlled by 
SCAMP proteins in Populus woody tissues.  
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Future systems biology approaches may focus on specific processes or 
pathways controlling biomass production, or on selected classes of proteins 
such as the cellulose synthases, peroxidases and glycoproteins involved in 
aspen wood formation. We have provided a resource for biological 
interpretation from omics analysis, but there is still a need for further 
development of tools (notably user-friendly integration and visualisation tools) 
that can integrate and efficiently highlight integrated biological pathway 
responses from multilevel omics analysis. 
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