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Plants have shaped our human life form from the outset. With the emerging recognition of
world population feeding, global climate change and limited energy resources with fossil
fuels, the relevance of plant biology and biotechnology is becoming dramatically important.
One key issue is to improve plant productivity and abiotic/biotic stress resistance in
agriculture due to restricted land area and increasing environmental pressures. Another
aspect is the development of CO,-neutral plant resources for fiber/biomass and biofuels: a
transition from first generation plants like sugar cane, maize and other important
nutritional crops to second and third generation energy crops such as Miscanthus and
trees for lignocellulose and algae for biomass and feed, hydrogen and lipid production. At
the same time we have to conserve and protect natural diversity and species richness as a
foundation of our life on earth. Here, biodiversity banks are discussed as a foundation of
current and future plant breeding research. Consequently, it can be anticipated that plant
biology and ecology will have more indispensable future roles in all socio-economic aspects
of our life than ever before. We therefore need an in-depth understanding of the physiology
of single plant species for practical applications as well as the translation of this knowledge
into complex natural as well as anthropogenic ecosystems. Latest developments in
biological and bioanalytical research will lead into a paradigm shift towards trying to
understand organisms at a systems level and in their ecosystemic context: (i) shotgun and
next-generation genome sequencing, gene reconstruction and annotation, (ii) genome-scale
molecular analysis using OMICS technologies and (iii) computer-assisted analysis, modeling
and interpretation of biological data. Systems biology combines these molecular data,
genetic evolution, environmental cues and species interaction with the understanding,
modeling and prediction of active biochemical networks up to whole species populations.
This process relies on the development of new technologies for the analysis of molecular
data, especially genomics, metabolomics and proteomics data. The ambitious aim of these
non-targeted ‘omic’ technologies is to extend our understanding beyond the analysis of
separated parts of the system, in contrast to traditional reductionistic hypothesis-driven
approaches. The consequent integration of genotyping, pheno/morphotyping and the
analysis of the molecular phenotype using metabolomics, proteomics and transcriptomics
will reveal a novel understanding of plant metabolism and its interaction with the
environment. The analysis of single model systems - plants, fungi, animals and bacteria -
will finally emerge in the analysis of populations of plants and other organisms and their
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adaptation to the ecological niche. In parallel, this novel understanding of ecophysiology

will translate into knowledge-based approaches in crop plant biotechnology and marker- or

genome-assisted breeding approaches. In this review the foundations of green systems

biology are described and applications in ecosystems research are presented. Knowledge

exchange of ecosystems research and green biotechnology merging into green systems

biology is anticipated based on the principles of natural variation, biodiversity and the

genotype-phenotype environment relationship as the fundamental drivers of ecology and

evolution.

© 2011 Elsevier B.V. All rights reserved.
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1. Introduction: from early plant breeding and  hybridization. Ever since these beginnings, (see Chapter 12.1)

the green revolution to green systems biology

Plant breeding has a very long history. Plants have
always served as a resource for human feeding. Systematic
usage goes back more than 50,000 years [1]. Accordingly,
Paleolithic and Neolithic proto-farmers soon learned to
improve their crops by selection and breeding [1]. The basic
principles of plant breeding are simple: the requirements are
genetic variation in a population - natural variation (see also
chapter 5)-and the means to identify and to select the most
suitable variants and traits. In the 18th century breeders
started to systematically produce new genetic variation by

the general principles of exploiting genetic variation and
selection for plant breeding have not changed [1]. Besides
hybridization, mutagenesis and many other technologies,
natural variation was always an essential element of the
implementation of novel genetic variation and producing
new plant varieties.

One of the most impressive examples was initiated by
Norman Borlaug in 1945. He started the “green revolution” as
a result of a consequent funding initiative on the part of
public research institutes and the foundation of the CIMMYT
[1]. After 20 years of systematic trait selection breeding based
on natural varieties of wheat, Mexico converted from an
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Completed Large-Scale Sequencing Projects La n d p I a n tS

Arabidopsis thaliana (thale cress)
5 chromosomes: 1, 2, 3, 4, 5, plastid, mitochondrion
Glycine max (soybean)
20 chromosomes: A1, A2, B1, B2, C1, C2, D1a, D1b, D2, E, F, G, H, I, J, K, L, M, N, O, plastid, mitochondrion
Medicago truncatula (barrel medic)
8 chromosomes: 1, 2, 3,4, 5, 6, 7, 8 plastid, mitochondrion
Oryza sativa (rice)
12 chromosomes: 1, 2,3,4,5,6,7, 8,9, 10, 11, 12, plastid , mitochondrion, mitochondrial plasmid B1
mitochondrial plasmid B2
Populus trichocarpa (black cottonwood)
19 chromosomes: |, II, IlI, IV, V, VI, VII, VIII, X, X, X1, XII, plastid, mitochondrion
Sorghum bicolor
10 chromosomes: 1, 2, 3,4, 5, 6, 7, 8,9, 10, plastid, mitochondrion
Vitis vinifera (wine grape)
19 chromosomes: 1, 2,3,4,5,6,7,8,9, 10,11, 12, 13, 14, 15, 16, 17, 18, 19, plastid, mitochondrion
Zea mays (corn)
10 chromosomes: 1, 2, 3, 4, 5, 6, 7, 8, 9, 10, plastid, mitochondrion, mitochondrial 1.9 kb plasmid

In-progress Large-Scale Sequencing Projects - funded, genome sequence expected in GenBank

Brachypodium distachyon
5 chromosomes: 1, 2, 3, 4, 5, plastid, mitochondrion
Carica papaya (papaya)
9 chromosomes: 1, 2, 3,4, 5, 6, 7, 8, 9, plastid, mitochondrion
Lotus japonicus (lotus)
6 chromosomes: 1, 2, 3, 4, 5, 6, plastid, mitochondrion
Manihot esculenta (cassava)
20 chromosomes: A, B,C, D, E,F,G,H,1,J,K,L,M,N,O,P,Q,R,S, plastid,
mitochondrion
Solanum lycopersicum (tomato)
12 chromosomes: 1, 2, 3, 4,5, 6, 7, 8,9, 10, 11, 12, plastid, mitochondrion
Solanum tuberosum (potato)
12 chromosomes: 1, 2, 3,4,5,6, 7, 8,9, 10, 11, 12, plastid, mitochondrion

B Green Algae

R - GenRank i PM - PubMed; R - RefSeq Accessions; G - Entrez Gene; 1
T e e T R G e A e T et
Organism Information Sequence Informatien
Genome
12260 Chiamydomonas seinhardtii Plants Green Algae 3035 100 17 Assembly Wes 128X 02142004 DOE Jomt Genome Institute
43853 Chlorella sp. NCE4A Flants Green Algae 30507 462 InProgress wes DOE Joint Genome Instifute [more]
18713 Chiorela valeasic Pants  Geeen Alzae un InProgress  WGS DOE Joint Genome Instine
32657 Coccomysa sp. C-169 Plants Green Algae 574566 In Progress WS 'DOE Joint Genome Institute [more]
2771 Dunalel saling CCAP 1915 Pams  GeeenAlgae w10 InPogess  WGS DOE Joint Genome Inginute Imors]
15678 Micromonas pusilla CCMP1543 Plants Green Algae 364608 15 Assembly wes 04072009 Micromonas Genome Consortium [more]
15676 Micromonas sp. RCC299 Plants Green Algae 1} 17 Complete WS 04/102009  Micromonas genome consortium [more]
13044 Ostreococeus hucimarinus CCESS01 Plams  GeeenAlsae ‘ U Comple  WGs 04102007 DOE Joiat Genome Inssiute Imare]
| 30933 Ostreococcus sp RCCR09 Plants Green Algae 385169 In Progress WGS JOE Joint Genome Institute [more]
12802 Qstsococous taw OTHSS Plants  Gesen Algae muy 25 W Comples (WOSX o 0430005 Labontoire Ango Fance
| 13108 Volvocanenf nagariensis Pams  GeeenAlgae W m InProgress DOE Joint Genome Ingtinse

Fig. 1 - Progress of plant genome sequencing. A Genome sequences of plant model species in ecology and crop biotechnology.
B Genome sequencing projects with algae.
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Fig. 2 - Genome-wide reconstruction of the regulatory and metabolic network in a sequenced organism. A key element is the
so-called stoichiometric matrix N. This kind of information is genotype-specific, however, and only provides static information.
The details of this approach and the relations to the dynamic phenotype (see below) are discussed in detail in [2].

importer to an exporter of wheat in the sixties (see also
Chapter 13.1).

In the late 80s the first transgenic plants were created,
today ~20% of crops worldwide are GMOs. Since the mid-80s
the area of “AGBIOTECH” was monopolized by the private
sector [1], leading to an imbalance between public and private
research in plant breeding and the profit-oriented develop-
ment of agricultural science, in contrast to a sustainability-
driven development known from the “green revolution” and
the public research institutes CIMMYT and IRRI and many
more institutions consolidated by the CGIAR (reviewed in [1])
(see also Chapters 12.2 and 13).

The development of complete new technologies in biolog-
ical research over the last 10 years - the foundations of green
systems biology (see Chapter 2) - might lead to a refinement of
plant ecology and evolution as well as classical breeding and
biotechnological approaches thus addressing the following
areas:

i. Productivity and stress adaptation of nutritional and
energy crop plants, exploitation of natural variation,
population dynamics and a better understanding of the
genotype-phenotype relationship

Exploitation of genome-sequenced plant model sys-
tems and their impact on improving plant productivity
and stress adaptation; some model systems are Arabi-
dopsis thaliana, Brassica napus for dicotyledons, Chlamy-
domonas reinhardti, Chlorella sp, Botryococcus sp.,

ii.

Synechocystis and others for algae and cyanobacteria,
rice and maize for monocotyledons, poplar for trees and
many more

Genome-scale investigation of natural variations in
their corresponding ecosystems to understand adapta-
tion mechanisms and to provide fundamental knowl-
edge for genetic variation, also for trait selection and
genome/marker-assisted breeding approaches
Addressing global climate change by CO,-neutral bio-
mass production (biomass crops) and renewable energy
resources

. Addressing biofuels, especially the transition from
first-generation biofuels (corn, sugar cane, rape seed
etc.) to second-generation (lignocellulose; Mis-
canthus, Poplar etc.) to third-generation biofuels
(algae)

Increase in public funding for agriculture to address
global problems (see China’s investments 2010; http://
business.globaltimes.cn/china-economy/2010-03/
510100.html) and national and international project-
driven intensified cooperative knowledge transfer and
exchange between the private and public sector for
sustainability

iii.

iv.

Vi.

In the next sections, individual aspects of this comprehen-
sive task list are discussed, reviewed in the literature and
commented upon to provide a solid basis for the future role of
green systems biology.


http://business.globaltimes.cn/china-economy/2010-03/510100.html
http://business.globaltimes.cn/china-economy/2010-03/510100.html
http://business.globaltimes.cn/china-economy/2010-03/510100.html
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2. Foundations of green systems biology

Three major developments have revolutionized biology [2]:
(i) genome sequencing, (ii) the OMICS revolution and
(iif) computer-assisted theoretical and modeling biology
including the rapid development of the Internet into a
knowledge platform and scientific database. First, genome
sequencing has led to a repertoire of plant genome sequences
which still has to be explored in its depth, starting with
Arabidopsis thaliana as a first plant model system. Many
achievements since the first release of the Arabidopsis genome
sequence have justified all the efforts that try to understand a
non-crop plant thoroughly [3-9]. Since then, many other
plants, algae, cyanobacteria and photosynthetic active species
have been sequenced or are in the process of being sequenced.

There is an exponential growth of genome sequences and
this will increase even more due to novel sequencing
technologies called next generation sequencing (NGS) (see
following sections) [2,10].

Based on genome raw sequences derived through
classical sequencing and shotgun genomics, genome assem-
bly is a computer-based approach. After the assembly of a full
genome, the next step is functional annotation. Predicted
genes are searched for homology against databases of
characterized genes and proteins. It is obvious that this initial
functional annotation is not capable of producing a complete
functional interpretation of the whole genome and a predic-
tion of the molecular phenotype [2]. Consequently, the
molecular phenotype needs to be measured for the functional
interpretation of the genotype. These demands coincide with
another technical development in biology called the “OMICS
revolution”. In summary, technologies such as transcrip-
tomics, proteomics and metabolomics were developed which
aim to analyze molecular data of living systems on a genome
scale [9,11,12]. This leads to genome-scale, dynamic molecular
data in combination with a genomic template. The ultimate
goal is to derive a mathematical model of metabolism that is
driven by genome data and predicts the phenotype and
ecophysiology of the plant correctly [2].

Therefore, systems biology can be summarized as inte-
grating experimental data, genome-scale reconstruction of
metabolic networks and the derivation of mathematical
models that are able to predict the molecular phenotype of
the plant in its natural environment.

If we were able to develop several models of individual
plant metabolisms based on this integrative approach we
would be able to give much better functional interpretations of

Development
PHENOTYPE
PHENOTYPE
PHENOTYPE
PHENOTYPE
PHENOTYPE

GENOTYPE

newly derived genome sequences and to identify new gene
functions.

In the following sections I will shortly summarize the basic
instruments for the integrative approach taken by green
systems biology. I will present international efforts to
consolidate these exceptionally complex research fields. In
the last part I will show applications in ecosystem research,
biotechnological research and conclude with connecting these
different disciplines based on the fundamental assumptions
of green systems biology.

3. Next generation sequencing and plant
genomes

In the last 10 years improved sequencing methods have been
developed, called next generation sequencing (NGS) (for
overview see [10]). The demand for rapid and cost-effective
sequencing technologies and a consequent funding policy for
method development has led to the development of several
alternative approaches in the use of genomic template
libraries, number of reads, read length, genome coverage,
the scale of the application and many other parameters. More
importantly, NGS platforms have substantially lowered re-
agent costs and dramatically increased the throughput. As a
result of these developments, the limitations of DNA sequenc-
ing have shifted from hardware to the software aspects. The
strongest drawbacks of any of these technologies are short
read lengths compared to Sanger sequencing (454/Roche: ~400
bases; Illumina/ABI-SOLIiD: ~60 bases; Sanger sequencing
~1kb, [13-16]) as well as different error characteristics. As a
result, the assembly of genome sequences from these short
reads is difficult, demands high computer power, novel
algorithms and partial complementation and verification
with high-quality sequencing strategies such as third-gener-
ation, long-read technology or Sanger sequencing [17-19].
After or during genome sequence assembly, gene predic-
tion and functional annotation are the concomitant steps. Ab
initio gene prediction with molecular data constraints is
increasingly favored [20,21]. Here, especially NGS transcrip-
tomics data can be used for gene prediction and functional
annotation. Longer contig and singleton sequences are
assembled from short reads and analyzed for homology with
sequences in public databases using BLAST algorithms.
Assembled contigs and singletons are subsequently translated
into peptides and annotated with a biological function using a
homology search against various public databases [19].

Phenotypical Selection

Reproduction

Changes in

Reproduction
GENOTYPES

Reproduction

Fig. 3 - The genotype-phenotype relationship. A single genotype can produce several phenotypes depending on the
environment. These phenotypes are subject to environment-dependent selection which leads to different rates of reproduction

and changes in genotypes.
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Due to these developments the number of sequenced
genomes increased exponentially in general and also with
regard to plant systems. Fig. 1 lists only a few examples with
completed sequence projects and projects in progress, ranging
from Arabidopsis thaliana with 5 chromosomes up to Glycine
max with 20 chromosomes. It is foreseeable that in the near
future any plant system of interest will be sequenced and the
complete genome sequence will be available.

Consequently, the next level of investigation is genome
interpretation [2]. Transcriptomics, proteomics and metabo-
lomics data can be exploited for gene prediction and
functional gene annotation in fully sequenced organisms
[22-27] (see also Section 7.2). Major studies in plant model
systems such as Arabidopsis thaliana and Chlamydomonas
reinhardtii have demonstrated the applications of proteo- and
metaproteogenomics [22-25]. Here, very large proteomics
datasets covering up to 60% or more of the predicted proteome
are matched against genomics databases, especially 6 frame
translations, to discover novel peptides which are not
predicted by the assembled and functionally annotated
genome sequence due to splice variants or completely missing
annotations.

Knowledge generation in these plant model systems can be
transferred into other plant systems. Newly sequenced plant
systems can be interpreted by a homology search against
other plant model systems. International activities and
consortia have had a great impact on systematic functional

elucidation of genome-scale gene function, especially MASC
for Arabidopsis. Recently, a new initiative was founded exactly
for this translational research in plant proteomics (INPPO).
These activities are reviewed in chapter 9.

It is foreseeable that the classical approach of investigating
a plant model system and translates this assembled knowl-
edge to other non-sequenced plant systems will rather be
substituted by the sequencing of any system of interest and
the direct analysis of the genotype-phenotype relationship
(see Chapter 8).

4. The dynamic genotype-phenotype
relationship

Once the genome is sequenced and assembled it is possible
to search for gene functions. Predicted genes are searched
for sequence similarity in other organisms. In Fig. 2 the
strategy for the genome-scale metabolic reconstruction is
shown (more details can be found in [2]). Based on the
detection of orthologeous genes in other organisms, many
genes can be characterized only with reference to their
homology. Enzymatic reactions can be postulated depend-
ing on these postulated gene functions. Educts and
products participate in an enzymatic reaction. Pathways
are structured so that the product of the former enzymatic

Genome Annolation
(new gene models derived from proteomics data)

!

Targeted ProMEX Untarget_ed
proteomics (protein-/proteotypic peptide database) proteomics
MassWestern MAPA/ProtMAX

nano UPLC-TripleQuadrupole-MS

(synthetic stable isotope-labeled internal
standards, absolute protein concentrations)

Proteins P,

» Data matrix <

nano UPLC-high mass
accuracy/resolution-MS

(extraction of accurate precursor ions m/z, spectral
count, samples versus variables alignment)

Samples S

!

Sample Pattern Recognition/Statistics/Modeling/Metabolic Regulation

Fig. 4 - Overview of a proteomic toolbox for systems biology and genome annotation [25]. A central proteome/peptide spectral
database (ProMEX, www.promexdb.org, [68]) serves as a basis for the selection of proteotypic peptides that are suitable for the
targeted Mass Western analysis of complex proteome samples [61]. The MAPA method (MAPA = Mass Accuracy Precursor

Alignment, [58]) allows for the detection and quantification of new proteins. Quantitative proteomics data will be aligned in a

data matrix for statistical data mining.
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reaction is the educt of the next enzymatic reaction, for
instance in the Calvin Cycle. Thus, the list of reactions can
be mapped to existing knowledge of pathways. Fragmen-
tary pathways can be filled with reactions if the corre-
sponding gene is not annotated in the genome sequence.
Based on this reaction list, a stoichiometric matrix N can be
built that is also known from chemical reaction lists. A
metabolic network can be postulated for any organism
(Fig. 2) on the basis of this stoichiometric matrix. Nowa-
days, the whole workflow can be automated [28]. Two
recent studies have postulated genome-scale metabolic
networks of Arabidopsis thaliana [29,30]. In another study
the first metabolic draft network of Chlamydomonas rein-
hardtii was built on the basis of the newly sequenced
genome of this unicellular green algae [24]. Some generic
properties can be derived [29] from these reconstructions.
Furthermore, using flux balance analysis (FBA) dynamic
properties of this generic network can be postulated [31].
However, these initial draft metabolic networks are con-
tinuously improved using new knowledge about pathways
and regulation. An example here is the metabolic recon-
struction of yeast with many subsequent studies [32].

The databases of the metabolic reconstruction of plant
species are continuously growing and will provide the basis for
comparative plant genomics (http://www.plantcyc.org/).

The metabolic network can be predicted from the
genome (see Fig. 2). As the genome is static information,
the predicted metabolic network is static as well and
therefore represents a model of all possible metabolic
processes. Hence not all genes are constitutively expressed
at the same time but differentially switched on and off. The
metabolism is highly dynamic in the phenotype and
cannot be directly derived from the genotype. Consequent-
ly, this static genomic information needs to be comple-
mented with genome-wide molecular data to reveal the
dynamic genotype-phenotype relationship [2] (see below
and Chapter 8).

The dynamic genotype-phenotype relationship deter-
mines all functions of ecology and evolution. In Fig. 3
this relationship is simplified. A distinct genotype is inter-
acting with its environment. This interaction can produce a
variety of phenotypes which results in different success rates
of reproduction and vice versa alterations in genotypes. Due
to very recent developments in bioanalytical chemistry and
plant biotechnology this intimate relationship of the geno-
type and the phenotype can now be investigated in much
more detail [2]. SNP arrays or SNP-NGS are able to character-
ize genotypes directly or indirectly using genome-wide
association studies (GWA) [3,33,34]. Phenotyping platforms
can analyze growth, flowering, seed development, senes-
cence and other parameters in an automated fashion. At the
same time transcriptomics, proteomics and metabolomics
(see [6,7,8]) will reveal the molecular dynamics of the
phenotype.

The following chapters describe the framework for the
measurement of the dynamic molecular phenotype and
how it can be connected to the static genotype informa-
tion. Based on the integration of genotype data, especially
in conjunction with SNP measurements, a systematic
investigation of this intimate relationship is possible by

means of dynamic transcriptomic, proteomic and meta-
bolomic data. Recently, a systematic approach was pro-
posed explicitly on the basis of a genotype-phenotype-
equation [2].

Ecology and evolution are intimately bound to processes
of genetic variation and the genotype-phenotype relation-
ship. Here, natural variation is the key driver and we are
beginning to understand this relationship, especially with
respect to phenotypic adaptation to the environment.
Therefore, results from this research field have revealed
important molecular processes which have given an insight
into ecophysiological mechanisms and on the other hand
will provide means in biotechnology and breeding for
improving plant resistance against biotic and abiotic stres-
ses. Eventually, due to the rapid development of bioanaly-
tical technologies, we have completely new platforms for
the investigation of natural variation and the genotype-
phenotype relationship available. This is described in the
next sections.

5. Natural variation

Recognition of the natural variation of plants is entirely
bound to ecological and evolutionary research and is maybe
one of the oldest investigative fields in human history.
Natural variation — e.g. colors of ornamental flowers and
thus also traits for breeding — was recognized and explored in
early times by Mendel’s investigations and the rediscovery of
Mendel’s laws and defined the genotype-phenotype rela-
tionship [35-38]. A classical phenotype is described with
morphological and anatomical parameters [37]. However, any
phenotype is of course a result of molecular changes based on
genotype variation and leading into phenotype-environment
variation (see Fig. 3). This is especially important for the
functional interpretation of a genome. Accordingly, a gene’s
function should ideally be defined in the context of the
system’s state as a response to the environment [11]. The
situation is very complex because a single genotype displays
an array of different phenotypes depending on the environ-
ment: this is also called phenotypic plasticity [2,39,40]. The
systematic investigation of genotypes and their variations
with the integration of molecular data began lately [41].
Recent studies systematically investigated the relationship
of natural variation, QTL mapping and metabolism [42-45].
Studies with genome-wide association using SNP-based
microarrays enable the rapid mapping of traits [46]. In more
recent studies, custom-made Affymetrix genotyping arrays
containing up to 250,000 SNPs are used [47]. In combination
with morphological and partly molecular phenotyping ap-
proaches, these SNP arrays reveal many common alleles with
correlations to the phenotype. The molecular mechanisms
are purely hypothetical, however [33]. Thus, the next logical
step is to integrate these approaches with molecular profiling
using NGS-RNA sequencing, epigenomics, proteomics and
metabolomics. With the onset of these technologies and NGS,
a dramatic increase in these research fields can be expected
[2,39,48,49]. These bioanalytical platforms are described
below.


http://www.plantcyc.org/
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6. OMICS technologies — the dynamic
phenotype

6.1.  Transcriptomics

The typical analysis of the dynamic transcriptome is usually
performed with microarray technology and is one of the
pioneering genome-scale, hypothesis-free screening methods.
Several large-scale studies have revealed differential gene
expression under different conditions and almost every gene
in Arabidopsis thaliana is already characterized based on RNA-
expression data under specific conditions (http:/www.
arabidopsis.org/). Nowadays, NGS provides an alternative
technology for RNA sequencing [50,51]. However, this tech-
nology is still in development and for eukaryotic cells still very
expensive because several fold genome coverage has to be
measured to obtain statistically significant data. For further
information about RNA-seq and epigenomics, reference is
made to recent publications [52,53].

6.2. A proteomics toolbox for green systems biology

6.2.1. Non-targeted versus targeted proteomics — MAPA
versus Mass Western

Genome sequencing and systems biology revolutionized life
sciences. Proteomics emerged as a fundamental technique of
this novel research area. In the following, a proteomic toolbox
adapted to systems biology needs will be introduced. To
capture the dynamic of a biological system, its components
need to be identified and quantified. Proteomics is confronted

Western Blot

Fig. 6 - Mass Western strategy. Proteotypic peptides are initially selected from a proteome analysis. Those peptides serve as a
model for synthetic, internal, stable isotope standards and are introduced for absolute quantification using a triple quadrupole
mass analyzer [62]. The typical strategy of a Western blot using specific antibodies is shown as a comparison.
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with a task that appears unsolvable. Both in plant proteomics
and also in human proteomics, the following numbers are
anticipated: assuming approx. 20,000-30,000 annotated genes
of a genome, after consideration of splice variances and post-
translational modifications such as phosphorylation or glyco-
sylation, several hundreds or thousands of possible protein
species per annotated gene may be reached. It is however not
assumed that all possible protein isoforms are active at the
same time. Nevertheless, existing technologies are confronted
with enormous challenges due to the high number and
dynamic concentration range of all proteins of a single steady
state. Based on this consideration, in gaining a holistic
overview of the dynamics of a continuously transient biolog-
ical system it is important to analyze many different steady
states, time series, diverse genotypes and their phenotypic
plasticity. In modern biology, a simple comparison between
states A versus B is no longer adequate to perform functional
modeling. Instead, we need high sample throughput technol-
ogies that are able to identify as many proteins of the system
as possible. Thus, there is a need for fundamental method
development and improvement.

Nevertheless, there are clear strategies for increasing
sample throughput as well as the number of protein de-
tections. One strategy is based on the unbiased or untargeted
identification and quantification of as many proteins as

GCxGC-MS
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possible. In the following, this method is called “untargeted”
protein analysis and is based on recent developments in
proteomics technology called “shotgun proteomics”. This is a
high sample-throughput method in which complex protein
samples from tissue or cells are directly cut into small
peptides and subsequently analyzed via liquid chromatogra-
phy coupled to mass spectrometry [54,55]. Peptides are
identified via their fragment fingerprint against genomic/
predicted proteomic databases [56]. Protein identification is
then based on the reconstruction from these identified
peptides and thus called shotgun proteomics. Compared to
classical methods in proteomics, shotgun proteomics is
characterized by a very high protein identification rate and
thus qualified to establish huge qualitative and quantitative
proteome catalogues for model organisms. Another strategy
uses those proteome catalogues for the design of “proteotypic”
peptides of a protein for a “targeted” analysis (see Fig. 4). These
techniques will be introduced in the following paragraph.

6.2.2. Rapid proteomic phenotyping using MAPA (Mass
Accuracy Precursor Alignment) and ProtMAX

Genomic databases and their corresponding computer-
predicted proteomic databases became essential for proteome
science [57]. They form the basis for protein identification of
shotgun proteomics analyses. To enable confident protein

UPLC-high mass
accuracy/resolution-MS
v

Postprocessing
v

Extraction of accurate
precursor m/z, Rl, mass
spectra, peak or m/z-fragment
intensities or integrals, sample
versus variable alignment

Mass spectral
reference database

B

Samples S

iy

Multivariate Statistics — COVARIANCE MATRIX (C)

Fig. 7 - Metabolomic platform combining GC/MS and LG/MS techniques to cope with metabolomic complexity in biological
systems [40]. GC/MS is one of the current “gold standards” with respect to comprehensiveness, sample throughput and
identification rates [95]. Two-dimensional GCxGC-ToF-MS further increases the resolution of ultracomplex metabolome
samples [80]. High mass accuracy/high resolution mass spectrometry emerges in parallel with high-resolution ultra-
performance mass spectrometry (UPLC) and increases the detection capacities’ orders of magnitude. Data can be combined in
one data matrix to reveal the covariance matrix for the detection of physiological biomarkers, metabolite correlation networks
and network topologies (see text for further details and [11,40,82,84,94].



JOURNAL OF PROTEOMICS 75 (2011) 284-305 293

identifications, ideally their complete sequence information
needs to be available or otherwise a “de novo” interpretation of
mass spectrometric raw data is necessary. The untargeted
analysis can now be divided into two possible strategies, the
database-dependent and independent interpretation [59]. The
general goal is the identification of as many proteins as possible
out of a complex protein mixture. With the database-dependent
approach, only unambiguously identified sequences are con-
sidered. The database-independent MAPA approach is based
upon an algorithm called PROTMAX [58] that groups all peptide
precursor ions with the same mass to charge ratio (m/z) derived
from mass spectrometric raw data in a data matrix without an
initial database search (see Fig. 5). At the same time, the
frequency of observed m/z fragments according to the concen-
tration of peptides are counted (spectral count) [59,60] and
added to the data matrix. This data matrix can be analyzed
statistically to rank peptide precursor ions according to their
phenotype-dependent impact (see Chapter 12.1 and Fig. 12).
Interesting candidates are then identified via a database search
or de novo interpretation. This also allows for the identification
of rarely detectable forms of protein modifications and poly-
morphisms [58]. In summary, although the untargeted analysis
only allows for relative quantification, it enables a more holistic

overview of all detectable proteins within a system. Moreover,
this strategy also delivers basic data for the targeted analysis —
the Mass Western (see next chapter and [61]).

6.2.3. Mass Western and ProMEX

The best-known method for a targeted analysis of specific
proteins out of a complex sample is based on antibodies (e.g.
Western Blot, see Fig. 6). Besides time-consuming and
extensive production of protein-specific antibodies, it is
very difficult to distinguish between proteins of high
homology [61]. Furthermore, absolute quantification of
exact concentrations is not feasible. We and others devel-
oped a strategy based on mass spectrometry, which enables
protein isoforms or whole pathways to be distinguished and
absolutely quantified out of complex samples using stable
isotope labeled synthetic peptides [25,62-67]. Due to its
similarity with the Western Blot it is also called “Mass
Western” (see Fig. 6) [61]. Furthermore, the Mass Western
allows for a high sample throughput and the possibility of
analyzing many proteins (~100) within a single analysis
[25,62]. Proteome data measured in different cell states can
be stored in a proteome database (ProMEX, http://promex.
pph.univie.ac.at/promex/; [68]). They comprise proteotypic
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Fig. 8 - A. Analytical platform for the metaproteogenomics approach. For details of this platform see Wienkoop et al. [25].

B. Mapman visualization (http://mapman.mpimp-golm.mpg.de/) of detected proteins and metabolites of a systems biology-based

Chlamydomonas reinhardtii study. Different metabolic pathways are shown such as the TCA cycle, Calvin cycle, amino acid

synthesis and breakdown, etc. Blue boxes indicate all detected proteins. Red boxes indicate proteins that are targeted using the

Mass Westem strategy (see text). White dots correspond to experimentally identified metabolites. Not all predicted gene models
are supported by proteome analyses. At the same time, proteomic data enable the suggestion of new gene models, not found via
computational prediction from the raw genome sequence alone. All the data are stored in the proteomics database ProMEX (www.

promexdb.org)[68].
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Fig. 8 (continued).

peptide libraries as a basis of the Mass Western method
design (Fig. 6). It allows for the detection of entire metabolic
pathways such as the Calvin Cycle, glycolysis, citric acid
cycle etc. in parallel [25]. These data are important for the
mathematical reconstruction and prediction of metabolic
pathways and their regulatory mechanisms and hence are
relevant for the investigation of the genotype-phenotype
relationship (see Chapters 4 and 8).

6.3.  Metabolomics

Bioanalytical methods in metabolomics science provide the
most direct tools for the quantitative measurement of the
metabolism in an organism. Overviews of available technolo-
gies can be found in recent reviews and books [11,69-71]. In view
of the physico-chemical diversity of small biological molecules
in a biological organism, the challenge remains to develop one
or more protocols to gather the whole “metabolome”. The
general estimation of size and dynamic range of a species-
specific metabolome is at a preliminary stage. In the plant
kingdom the structural diversity is enormous and reveals new
compounds on a daily basis. Estimates exceed 5 million putative
structures. Many different techniques are needed for the
analysis of all these different chemical structures. Therefore a

combination of techniques has to be used and the data have to
be combined [11,69]. Mass spectrometry is one of the technol-
ogies which has rapidly developed and also revolutionized the
field. Different hyphenated technologies are presented in [2].
Each different technique provides other features. It can
therefore be expected that by combining different technologies
the coverage of a metabolome will be substantially increased.
Metabolic fingerprinting techniques using NMR or IR spectros-
copy, for instance, achieve a high sample throughput and a
global view on in vivo dynamics of metabolic networks [69,72-
76]. One of the gold standard techniques in terms of sample
throughput, comprehensiveness and accuracy in metabolite
identification is gas chromatography coupled to mass spec-
trometry [77].

Avery recent development is the use of two-dimensional gas
chromatography coupled to fast acquisition rate mass spec-
trometry (GCxGC-MS). The online coupling of two GC columns
with different functionality, for instance a first long hydropho-
bic and a second short polar column, increases the separation
efficiency of a complex metabolomic sample and improves
spectral quality after deconvolution. However, the deconvolu-
tion process from such extended, two-dimensional raw chro-
matograms is very complicated. Moreover, metabolite
identification and data alignment acts as a bottleneck. Recently,
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statistics. The result - the covariance matrix - is closely bound to the mathematical model of the system (see text, Figs. 10 and

11 and [2]).

we presented a complete strategy to perform a convenient data
extraction and alignment using GCxGC-MS technology [78]. The
introduction of a second retention index which can be used to
increase the confidence in metabolite identification is especially
important [80]. One of the most promising platforms for
metabolomics is the combination of GC-MS and LC-MS (see
Fig. 7) [39]. Due to their specific technology, both technologies
provide a complementary view of the metabolome [39] —
central metabolites such as amino acids, sugars, organic acids,
free fatty acids, etc. by GC-MS, higher molecular masses, e.g.
secondary metabolites, co-factors and/or sugar-phosphates
profiles by LC-MS [2,39]. In Fig. 7 such a platform is shown,
combining GCxGC/MS and LC/MS for metabolome analysis.
However, the reader should be aware that most of the
metabolomics platforms still need further method validation
and daily quality checks. This is an essential requirement to
guarantee meaningful biological applications. Furthermore,
databases, experimental standards and data exchangeability
between labs is an urgent issue for further developments in
metabolomics [2,79].

7. Data mining and metaproteogenomics

7.1. Metabolomics, proteomics, transcriptomics and
sample pattern recognition in systems biology

Systems biology aims to attain a holistic overview of all
regulatory processes and reactions (phenotypic plasticity) of a

biological system in response to environmental perturbations.
The resolution of these processes improves with the amount
of data available. Consequently, the integration of protein,
metabolite and transcript data enhances the resolution [80-
82]. A workflow for this data integration approach was
recently proposed ([83], see also Chapter 8). In particular,
with untargeted protein analysis but also by integrating Mass
Western analyses (see Figs. 4 and 6), huge amounts of data are
generated. Statistical and bioinformatic methods are therefore
necessary for comprehensive data mining and the extraction
of biologically relevant information. One of the most impor-
tant methods for data mining and data visualization is a
pattern recognition strategy based on supervised and unsu-
pervised multivariate statistics, e.g. principal components
analysis (PCA) or independent components analysis (ICA)
(see Chapters 8 and 12.1 and Figs. 9, 10 and 11) [84,85]. By
means of pattern recognition, conclusions about biologically
active regulatory processes and proteins can be drawn (see
following chapters 8, 11 and 12) [83].

7.2. Genome annotation: shotgun proteomics complements
shotgun genomics

The number of novel sequenced genomes and new genome
projects — both prokaryotic, eukaryotic as well as the
“metagenome” of communities of organisms [86,87] - is
exponentially increasing. The high amount of data generated
displays the enormous challenge for bioinformatics. A classi-
cal approach is the solely computer-assisted annotation of
predicted Open Reading Frames (ORF). Newly developed
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techniques consider experimental data such as transcrip-
tomic, proteomic but also metabolomic data for improved
genome annotation [24]. A high-throughput method for a high
protein identification rate is shotgun proteomics described in
Chapter 6.2. Similar to the shotgun genomics technology,
proteins can be reconstructed from protein fragments: e.g.
tryptic peptides. Shotgun proteomics is characterized by a
very high protein identification rate and generates huge
proteome catalogues for model organisms [22,26,88-90]. This
way, predicted gene models can be confirmed by proteomic
data. Furthermore, many proteomic data not found in the
predicted gene models may point to new gene models that
would not have been found using computer based in silico-
analyses only [22,24,58,88].

7.3. Metaproteogenomics

Recently, we proposed a metaproteogenomics strategy
for data integration and combination with genome recon-
struction [24,25]. Fig. 8A shows the bioanalytical platform
for this approach (for details of this approach see [25]).
Fig. 8B shows a projection of metabolomic and proteomic
data of all identified proteins within one proteome study
into a functional genome annotation and subsequent meta-
bolic reconstruction of the unicellular green algae Chlamydo-
monas reinhardtii, a recently sequenced model organism [91]
for photosynthesis and CO,-neutral biomass production also
called the “green yeast” (see also Chapter 12.2). Fig. 8B
represents the first metabolic draft of a genomic reconstruc-
tion of Chlamydomonas reinhardtii. Based on this projection,

several Open Reading Frames (ORF) were identified with
novel annotations and new pathways.

8. A combined bioanalytical platform for the
measurement and modeling of the
genotype-phenotype relationship

The combined analysis of genetic variation - the genotype -
and the corresponding molecular phenotype and its physiol-
ogy is one of the most pressing challenges in the next decades.
Raw genome sequences will be present for almost any plant
species of interest. However, recent molecular analysis
combining metabolomics, metabolic flux, targeted and
non-targeted analysis demonstrates the difficult nature
of the dynamic phenotype — it is only predictable
when based on the static genome sequence [25]. A frame-
work for the systematic investigation of this dynamic
interaction of a known genotype and the environmentally-
controlled phenotype (Fig. 9) can be introduced here.
Integration of genomic, proteomic and metabolomic data
into data matrices will reveal correlations and covariance,
respectively, between the molecular constituents [2,11,83]
(see Fig. 9 and 10). This covariance matrix is a central
component of the data integration and interpretation
strategy [82]. At the same time, metabolic reconstruction
and the mathematical description of the system are obtained
with coupled ordinary differential equations (ODEs). This
system of ODEs is directly connected to the data matrix and
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the resulting covariance matrix (Fig. 11). This relationship
from the genotype and the dynamic phenotype can be
described with a generic equation (Fig. 11) (for further details
see [2]).

We have used this workflow for several studies
[2,25,80,82,83,92,93] and in future work will explore the
genotype-phenotype equation in more detail.

9. International public activities

The integration of genomic, proteomic, metabolomic, envi-
ronmental as well as morphological and anatomical data is
by nature too complex to be achieved by single laboratories.
In recent years several international collaborations and
initiatives have been founded that support the open source
consolidation of techniques, data, databases, functional
interpretation of plant genomes and other activities. One of
the largest communities is the Multinational Arabidopsis
Steering Committee (MASC) which is a later branch of the

highly successful North American Arabidopsis Steering
Committee (NAASC). In recent years MASC has co-founded
several subcommittees (see http://www.arabidopsis.org/
portals/masc/Subcommittees.jsp) including Bioinformatics,
ORFeomics, Metabolomics, Natural variation, Phenomics,
Proteomics and Systems biology. This diversity of combined
activities for a single plant model system is unique and will
accelerate the achievements and collaborations of interna-
tional laboratories [94-96]. An important instrument was
developed in this consortium — the gene function tracking
thermometer (http://www.arabidopsis.org/portals/masc/
2009_MASC_Report.pdf) which reveals how many Arabidop-
sis thaliana genes are functionally characterized or under
investigation using a variety of methods such as RNA
expression levels analyzed with microarrays (more than
26,893 genes analyzed), insertion mutants, RNAi constructs
and others.

Recently, the MASCP (proteomics subcommittee; http://
WWwWw.masc-proteomics.org/mascp/index.php/Main_Page)
established the GATOR portal. This web portal allows the
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Arabidopsis researcher to search for any AGI code or lists of AGI
codes in all proteomic databases assembled by MASCP [95].
Similar activities are planned within the Metabolomics
subcommittee (MASCM; http://www.masc-metabolomics.
org).

Very recently, the importance of integrating knowledge of
plant proteomics and especially the translation into practical
applications was recognized by a group of researchers. The
result is an international initiative called the International
Plant Proteomics Organization (INPPO; http://www.inppo.
com/) with the goal of consolidating techniques, data and
databases and functional proteomics analysis for various
plant species, especially crop plants, and finally address global
agricultural problems as discussed in this review [97].
Members of MASCP are on board and will provide their
knowledge of a single model system - Arabidopsis thaliana
[94] - in this important activity. INPPO is an excellent example
of a non-profit, open-source initiative. Interestingly, it is
merely based on the initiative of scientists without any
funding, comparable to the early stages of MASC and the
corresponding subcommittees or other communities. In later
stages these organizations are able to find funding because of
the acknowledged importance of these integrative open-
source initiatives. This might be a very interesting strategy
for the public sector to initiate important areas of research
which are not well funded yet or where it is necessary to
produce political interest.

10. Knowledge transfer from model to applied
systems: translational biology

As discussed above, biological research, especially molecular
biology, is experiencing dramatic improvements. The
throughput and combination of NGS, genomics, proteomics
and metabolomics technologies will dramatically improve our
current view of the molecular principles behind living
systems. For the last 10 years or more, this kind of research
was possible for selected model organisms such as Arabidopsis
thaliana, yeast and others. This will also change and maybe
comparative genomics will be able to predefine functional
genome annotation. However, the functional annotation of all
Arabidopsis genes is still in progress. This contrasts with
expectations at the beginning of 2000 and the hope that the
full genome sequence will enable a complete understanding of
the principles of life. The opposite is true; with respect to the
complexity of molecular interaction networks it becomes clear
that almost all goals postulated for the recent decade will not
be achieved [9], which is of course not a failure of the
researchers in these areas but a general epochal underesti-
mation of the complexity of the molecular phenotype [2].
The last decade has taught us that a strong effort in
translational biology is necessary. All gene functions learned
from model systems need to be systematically compared with
other organisms [98]. At the moment it is unclear how well this
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Fig. 12 - Sample pattern recognition for a MAPA protein data matrix of six potato cultivars. The clear separation of genotypes is
visible. The separation in the principal component analysis is due to the differences in protein abundance. Specific protein

markers are assigned to the corresponding potato cultivars. In the

smaller plot on the right side, an ICA plot of metabolite data is

shown. It is remarkable that the pattern is similar for some cultivars but also shows some dissimilarities to the protein data.

These differences are discussed in the later Chapter 12.1.
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kind of knowledge can be translated into other systems, or the
extent to which different plant families such as Arabidopsis
and spinach or soybean are similar. However, there is
sufficient knowledge already available to initiate this com-
parative approach (http://www.plantcyc.org/).

The following sections include brief examples of how the
platforms discussed above are applied.

11.  Applications in ecology and ecosystems

The application of NGS, RNA-seq, microarrays, proteomics
and metabolomics is still in its infancy in ecological research.
This might be due to the complexity of integrating molecular
data with ecological research, however, the next logical step is
to combine traditional ecological questions with systems
biology technologies. In metagenomics, NGS is applied in
rather accessible systems such as microbial communities [99].
Environmental metabolomics, e.g., is applied in toxicity
testing in ecological risk assessment [100]. In plant ecology
and plant communities, however, these technologies are at a
very early stage.

Ecosystems dynamics are driven by the diversity of their
species. Natural variation is a key principle for diversity. Thus,
the molecular investigation of the genotype-phenotype rela-
tionship will give an insight into the dynamic behavior of
ecosystems. Here, model systems such as Arabidopsis thaliana
(L.) Heynh. play major roles. In the early 20th century,
Friedrich Laibach already emphasized the role of Arabidopsis
as a model plant for genetic and developmental studies
[101,102]. He was especially interested in the large variation
of phenotypes and physiological traits such as flowering time
and seed dormancy of different Arabidopsis ecotypes [8]. Thus,
he was a pioneer in the investigation of natural variation. With
respect to the developments of modern research in plant
physiology and ecophysiology (see Chapter 5, natural varia-
tion) it is remarkable that there is so much truth in his
prophecy and that the consolidated efforts of a small
Arabidopsis researcher community are so important [8]. A
group of about 25 people in 1976 provided the nucleus for the
approx. 25,000 Arabidopsis researchers worldwide today and
for developing Arabidopsis thaliana into one of the most
important plant model species [8] (see also Chapter 9).

Together with the predictions of Friedrich Laibach, Arabi-
dopsis is an ideal model system for the investigation of
ecotypes and natural variation, which is exemplified by a
plethora of publications in this area [3,43,48,103,104].

In a recent study by Chevalier et al. eight Arabidopsis
ecotypes were analyzed with two-dimensional gel electro-
phoresis [105]. It was possible to classify the ecotypes by the
identification of different protein markers and functional
differences between the ecotypes.

In a pioneering study Keurentjes et al. investigated the
effects of different Arabidopsis thaliana accessions on metabo-
lism, represented by untargeted profiling of methanolic extracts
with LC/MS technology. Several correlations of proposed
metabolites and QTLs, especially in the glucosinolate pathway,
a major pathway in brassicacea, were detected in accordance
with former studies [44]. In a more recent study, Chan et al. used
a similar approach to correlate metabolite profiles stemming

from GC/MS analysis with SNP-array data of different A. thaliana
accessions from former studies [48]. Interestingly, in both
studies Keurentjes et al. and Chan et al. have worked on
different fractions of the metabolome as LC/MS data rather
reveal secondary metabolites and GC/MS data provide metab-
olites of the central metabolism such as sugars, amino acids,
organic acids etc. (see Chapter 6.3. Metabolomics and for more
details [2,39]. Therefore it can be expected and was already
demonstrated that the combination of GC/MS and LC/MS
platforms will reveal a much better picture [2,39,70].

All these studies have dealt with lab-based experiments to
provide as controlled conditions as possible. The next
challenging demand is to analyze the plant in its natural
environment. Classical biodiversity studies investigate grass-
land communities with different compositions of grasses,
herbs and legumes [106,107]. The JENA experiment is the
largest long-term European project of this kind (http:/www.
the-jena-experiment.de/; [108]). In conjunction with this Jena
experiment, our lab performed metabolite profiling of differ-
ent plant species in their quasi-natural environment and
investigated their phenotypic plasticity and the effects of
biodiversity on their metabolism. We combined GC/MS and
LC/MS approaches to cover a large fraction of the metabolome,
central metabolism and secondary metabolism as discussed
above. A pronounced diversity gradient was observable in the
metabolite profiles as well as individual responses of the
different plant species. These different responses can be
summarized as metabolic signatures that are characteristic
for each individual plant species [39].

Proteomic analyses tend to be missing in plant ecological
studies in the natural environment. Recently, we analyzed 12
different potato cultivars growing in fields (see below) [58]. For
this approach we had to implement new methods to cope with
high sample numbers and a reasonable workflow for data
mining and developed the MAPA approach (see Chapter 6.2.2).
Shotgun proteomics combined with rapid data mining strat-
egies has the potential to complement transcriptomics and
metabolomics data with respect to sample throughput [83].
However, proteome coverage, detection of posttranslational
regulation and sensitivity against low abundant proteins are
still limited in almost all proteomic approaches (see also
Chapter 6.2).

12.  Applications in biotechnology

12.1. Marker-assisted selection (MAS)

All these technological platforms described above enable the
genome-wide molecular analysis of different genotypes. This
integrated high throughput analysis of metabolites, proteins
and transcripts allows the definition of biochemical pheno-
types and their relationship to the corresponding genotype
and to environmental conditions [83]. The integration of
metabolite and protein profiling has already been demon-
strated to significantly improve pattern recognition and the
selection and interpretation of multiple physiological and bio-
markers for plant systems and different plant genotypes
under different environmental conditions such as day-night
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rhythms or cold stress [80,82]. Integration of metabolite and
transcript data was also demonstrated to reveal the relation-
ship between mRNA expression and dynamics of secondary
metabolism [81]. The exploitation of these technologies in
plant biotechnology and QTL-based marker-assisted breeding
approaches [109-113] is an obvious development.

Most of the studies are focused on DNA markers. In recent
studies the successful application of these technologies was
also demonstrated for proteomics and metabolomics. De
Vienne and colleagues introduced for the first time the
terminus Proteome Quantity Loci (PQL) and systematically
combined proteome analysis with genetics and QTL mapping
in maize [111,112]. Schauer and colleagues demonstrated the
application of metabolomics for the characterization of
interspecific introgression lines (ILs) of tomatoes and corre-
lated these data to QTLs related to yield [114].

In a recent project for potato breeding funded by the
German Federal Ministry of Education and Science (BMBF;
http://www.bmbf.de/) the integration of different molecular
levels was a major aim. Potato breeding is complicated by
heterozygous and autotetraploid genetics. Typically nine or
more years of selection work are needed to define successful
candidates for official trials with the federal variety authori-
ties. Marker-assisted selection could accelerate this process
for the identification of useful traits in the early years of the
selection process. It is anticipated that new technologies such
as genomics, proteomics and metabolomics will yield such
marker systems, however, these technologies have hardly
reached the stage of application for breeding in the private
sector. In a potato breeding pool, a multitude of trait alleles of
various origins are present. A similar multitude of diagnostic
marker assays will therefore be required for marker-assisted
selection [115]. In the context of this study we have developed
a procedure for shotgun proteomics in combination with
novel data mining algorithms called MAPA (mass accuracy
precursor alignment, see also Chapter 6.2.2) which enables a
high throughput strategy for forward screening of potential
protein markers in this complex system [58]. The principle of
the method is shown in Fig. 5. In Fig. 12 the ICA plot for six
different commercial cultivars measured at different places in
Germany in the corresponding fields is shown. The cultivars
are easily distinguished. Based on this sample pattern, protein
markers can be assigned to the different traits of each potato
cultivar. These proteins are potential markers for the devel-
opment of a MAS strategy [58]. However, the robustness of
these markers must be analyzed with higher statistical power
from a higher number of samples. Thus, this kind of high
sample throughput capacity of the MAPA strategy has great
importance for the future.

In a recent study, we have shown that MAPA is capable of
distinguishing many different isoforms of protein families and
assigning their differential abundance to specific cultivars [90].
We speculate that this process is related to different develop-
mental properties of the different cultivars. Thus, these proteins
are potential physiological markers — this is work in progress.
Altogether, with all the analyses we have assembled the largest
tuber proteome catalogues available [90] and all the proteins are
stored in PROMEX (see Chapter 6.2.3) [69].

There is another remarkable feature in these HTP molec-
ular data. Fig. 12 shows the ICA plot of metabolites [58]. Both

data sets — the metabolomics data and the proteomics data —
show a good cultivar discrimination, however, the sample
pattern can be interpreted differently depending on the
properties of the different cultivars. Thus, the metabolite
data carry different information to the protein data. For
instance, in the metabolite data we observed a pronounced
dynamic of sugar metabolism in potato tuber tissue, as
expected. In contrast, the protein data are more characteristic
for developmental processes in the potato tuber tissue.
Integration of these data leads consequently to optimized
pattern recognition processes and improved interpretation of
the molecular data with respect to the molecular phenotype
which was indeed observed in several previous studies [80,82].
Itis proposed by us that we are able to reveal synergetic effects
in the molecular data. So far, all our integrative analyses point
to these properties [83]. The basis for this assumption is the
genotype-phenotype equation presented in Chapter 8andin a
recent review [2]. This equation directly connects the covari-
ance structure of the data - in other words the pattern
recognition using multivariate statistics — with the underlying
genotype.

12.2.  Biofuels

Biofuels have the capacity to substitute fossil fuels and to
normalize the global natural balance of CO, consumption and
emission on earth. Biofuels are produced from renewable,
CO,-neutral resources such as plants, photoautotrophic
microbes or algae. [116-118]. Misconceptions of biofuel
production have shown, however, that the transition from
fossil fuel consumption to renewable energy resources is a
long and painstaking process and comprises all aspects from
scientific to socio-economic complications [119]. Therefore it
is of the utmost importance that the transition from first-
generation biofuels (corn, sugar cane, rape seed etc.) to
second-generation (lignocelluloses-based production of
bioethanol from Miscanthus and trees, poplar etc.) to third-
generation biofuels (photoautotrophic microbes, microalgae)
is addressed as soon as possible with profound support from

Endophyte-noculated
poplar shoot in

Endophyte-free
poplar shoot in
nitrogen-free medium nitrogen-free medium

Fig. 13 - Poplar shoots in in vitro culture. Left without
endophytes, right with endophytes. The shoots have been
grown for two weeks in a nitrogen-free medium.
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international funding agencies. These problems are indeed as
pressing as biomedical applications of systems biology.

Due to the developments discussed above, green systems
biology will contribute at all levels to the useful applications of
biofuel production. Applied to energy crops such as grasses
and trees and photoautotrophic microbes as well as micro-
algae, biofuel production can be investigated and enhanced at
all levels from modern breeding approaches up to genetic
engineering solving biomass recalcitrance [120-123].

Chlamydomonas reinhardtii is one of the most accessible
model systems for photoautotrophic growth and hydrogen
and lipid production. The unicellular green algae was recently
sequenced and in many laboratories now serves as the model
of choice for physiological, ecophysiological and economical
investigations of biofuel production [91,124].

We recently set up a comprehensive analytical platform to
investigate growth and lipid production of Chlamydomonas [25].
This platform comprises the described targeted and non-
targeted proteomics analyses of Chapter 6.2.1, the metabolo-
mics platform described in Chapter 6.3 and metabolic flux
analysis using metabolic labeling with subsequent GC/MS
analysis [25,78]. In Chapter 7.3 the combination of these
technologies is exemplified.

Based on recent growth experiments and the application of
the analytical platform, remarkable plasticity of the metabo-
lism of Chlamydomonas was observed [25]. Especially pro-
nounced are effects of the carbon concentrating mechanism
(CCM). Here, up to 12 isoform of carbonic anhydrases are
postulated from the genome. We were able to measure 5
isoforms with the Mass Western approach (Chapter 6.2.3) and
revealed enormous differences in the concentration patterns
(attomol/1000 cells) of these isoforms. A mitochondrial
isoform (CAH4) showed a very high dynamic range and is
very active under CO,-limiting conditions [25].

These observations coincide with recent studies in Chla-
mydomonas and Arabidopsis and point to a significant role of
carbonic anhydrases in CO,-sensing pathways in higher
plants as well as in microalgae [125-127]. We will investigate
these processes in more detail in future to link processes of
lipid production to CCM.

Populus trichocarpa is a tree model system for energy crops
[120]. Poplar belongs to the family of Salicaceae and is a fast-
growing tree. As an energy crop it is used worldwide in short
rotation farming [128] (http://www.probstdorfer.at/index.php?
url=energieholz.htm).

Recently, we investigated the growth-promoting effects of
an endophyte on poplar cuttings in in vitro culture [129]. This
endophyte — Paenibacillus sp. — stimulates root formation in
poplar cuttings [130].

Inoculated plants showed dramatically changed metabolite
profiles, indicating that the interaction of the endophyte with
the plant indeed alters the physiology of the plant [129].
Especially, the nitrogen metabolism is influenced which in-
dicates better uptake of nitrate from the medium or other effects
which are initiated by the endophyte-plant interaction. In Fig. 13
endophyte-free and inoculated plants are shown growing on
nitrogen-free medium. We have observed better survival
statistics with the inoculated plants under these conditions.

These processes might have significant effects on short
rotation farming. Here, short poplar cuttings from different

high-yield poplar clones are simply planted into soil. Root
formation of the cuttings is of course a decisive step with
respect to growth in this short rotation farming but also
uptake of nutrition. We will investigate the underlying
principles of the intimate plant-endophyte interaction in
more detail in the future.

These are only two examples of a rapidly growing research
field of CO,-neutral biofuel production. Besides cost effective-
ness, core research questions for all these developments
should include the rapid substitution of nutritional crops
(rapeseed, sugar cane, sugar beet, maize, wheat etc.) used for
biofuel production by energy crops (grasses, trees, others) and
algae which are already naturally designed for highly efficient
biomass production as well as highly efficient CO, fixation.
This process, which is as pressing as any question in
biomedical research — or may be even more relevant for our
future life on earth, will address the following socio-economic
problems:

(i) Food market price is directly influenced by using food
crops for biofuel production, especially a problem for
developing countries

(ii) Global climate changes, use of algae for biofuels would
diminish the competition for arable land, competition
for arable land otherwise leads to a rapid deforestation
and soil erosion processes

(iii) “Land grabbing” in developing countries by industrialized
countries, irrational agricultural use of arable land [131]

(iv) Financial market situation, after IMMO bubble now the
next “Land Grab and Food Market” bubble.

(v) healthy balance between public and private sector in
AGBIOTECH [1]

13. Natural variation, biodiversity banks and
plant breeding — conservation is the key

In the early times of the green revolution there was only one
single trait: yield [132]. Nowadays, the potential for selection of
specific traits has dramatically changed. Due to genome-scale
molecular analysis and elucidation of gene function, in the
future a modern breeder will be able to select a plethora of single
traits or their combinations. Natural variation provides the
richest source of traits such as disease resistances, insect
resistances, drought tolerance, natural compounds, nutritional
quality etc. This natural richness and diversity needs to be
protected because in the continuing global environment of
efficient monocultural plant production, we will only be able to
cope with any imbalance in the future if we preserve natural
genetic variation. The logical step is conservation of biodiversity
to protect our environment and translate these processes into
agricultural biotechnology.

13.1. CIMMYT, INRRI and other public plant breeding
institutions

The CIMMYT (Centro Internacional de Mejoramineto de Maiz y
Trigo) for maize and wheat breeding was founded by Norman
Borlaug in the early 40s as a joint program of the US Rockefeller
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Foundation and the Mexican government. This institute is a
truly international scientific and public effort and one of the
most outstanding worldwide centers of crop improvement.
Here, the green revolution started with rigorous and systematic
plant breeding programs for wheat and other crops [1,133].
Another important institute - the International Rice Research
Institute (IRR) — was founded in the 60s also by the Ford and
Rockefeller Foundation and the government of the Philippines
and focuses exclusively on the improvement of rice varieties [1].
These institutions and many other public institutions world-
wide have systematically established “biodiversity banks”
consisting of native and improved food crop varieties. For
instance, the CIMMYT in Mexico manages the most diverse
maize and wheat collections: 140,000 unique samples of
Triticeae seeds from more than 100 countries and 28,000
samples of seeds in the maize bank (http://www.cimmyt.org/).
Each variety conserved in these biodiversity banks has a slightly
different genetic makeup, consisting of different combinations
of gene variants which provide the building blocks for breeding
new and improved cultivars. The bank collection has been used
on many occasions to obtain genes for resistance to diseases
and pests of both crops, as well as for other traits of value.
The institute states (http://www.cimmyt.org/):

“The collections are being conserved for the long-term benefit
of humanity, free from any intellectual property restrictions.
CIMMYT observes the terms of the International Treaty on
Plant Genetic Resources for Food and Agriculture, signed by
more than 100 countries since 2004. Each year the Center ships
several tons of seed, in the form of small packets of samples of
more than 5000 genotypes, in response to requests from over
100 researchers in dozens of countries worldwide.”

Many other public institutions worldwide are taking care of
seed banks and biodiversity banks (not only food crops) (for
overview see Consultative Group on International Agriculture
Research (CIGIAR); http://www.cgiar.org/ and [1].

These public efforts may provide one of the most natural
“treasures” mankind has established so far.

13.2. MAS and GAB: marker-assisted selection and
genomic-assisted breeding and prediction

These resources of biodiversity provide the plant geneticist
and breeder with a compelling genetic variety. In combination
with the developments of green systems biology such as NGS,
RNA-seq, proteomics and metabolomics, the basic investiga-
tion of these natural variations will reveal complete novel
workflows for the breeder. Traditional plant breeding pro-
grams rely mainly on phenotypes being evaluated in several
environments; selection and recombination are based solely
on the resulting data. Marker-assisted selection (MAS) uses
molecular markers in linkage disequilibrium (LD) with QTL.
Genomic selection (GS) is a new approach for improving
quantitative traits in large plant breeding populations that
uses whole-genome molecular markers (high density markers
and high-throughput genotyping). Genomic prediction com-
bines marker data with phenotypic and pedigree data in an
attempt to increase the accuracy of the prediction of breeding
and genotypic values.

New modern breeding tools are now available for successful
integration of such polygenic traits during the breeding process
in order to select better varieties. The newly identified varieties
may be more sustainable and much easier to handle in seed and
trade systems.

Itis foreseeable that all these opportunities will revolutionize
plant breeding.

14. Conclusion

Summarizing the broad view presented here, it is remarkable
that the traditional and modern approaches in plant physiol-
ogy, systems biology and plant biotechnology and breeding
are so intimately linked. It is easily arguable from the facts
above that the preservation of biodiversity is of the utmost
importance for our future agricultural and socio-economical
approaches, improving plant productivity and diversity for
world feeding and renewable energy resources. Biodiversity is
natural genetic variation — a research field which forced
scientists like Gregor Mendel or Charles Darwin to reveal the
secrets of inheritance, ecology and evolution. Even with
today’s completely new technologies such as NGS, RNA-seq,
epigenetics, metabolomics and shotgun proteomics, the old
questions remain unanswered and are at the same time the
key to almost all applications in plant biotechnology:

How does the genotype determine the environmentally
triggered phenotype?

Any functional studies on the exponentially growing
volume of genome sequences of plant species or any other
species will finally merge into this question.

Green systems biology provides the means to investigate this
genotype-phenotype relationship for the first time in a funda-
mental way, combining genome-scale molecular measurements,
phenotyping and computer-assisted modeling approaches.
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