New Zealand Society of Animal Production online archive
This paper is from the New Zealand Society for Animal Production online archive. NZSAP holds a regular

An invitation is extended to all those involved in the field of animal production to apply for membership of
the New Zealand Society of Animal Production at our website www.nzsap.org.nz

View All Proceedings

Next Conference

Join NZSAP

The New Zealand Society of Animal Production in publishing the conference proceedings is engaged in disseminating
information, not rendering professional advice or services. The views expressed herein do not necessarily represent the views
of the New Zealand Society of Animal Production and the New Zealand Society of Animal Production expressly disclaims any
form of liability with respect to anything done or omitted to be done in reliance upon the contents of these proceedings.

This work is licensed under a Creative Commons Attribution-NonCommercial-NoDerivatives 4.0
International License.

You are free to:
Share— copy and redistribute the material in any medium or format

Under the following terms:
Attribution — You must give appropriate credit, provide a link to the license, and indicate if changes were made. You may
do so in any reasonable manner, but not in any way that suggests the licensor endorses you or your use.
NonCommercial — You may not use the material for commercial purposes.
NoDerivatives — If you remix, transform, or build upon the material, you may not distribute the modified material.

http://creativecommons.org.nz/licences/licences-explained/

Proceedings of the New Zealand Society of Animal Production 2006, Vol 66

213

Systems Biology and Metabolomics: Experimental and Computational Challenges
M. CAO, A. KOULMAN, D. PACHECO, G.A. LANE AND S. RASMUSSEN
AgResearch Grasslands, Private Bag 11008, Palmerston North, New Zealand
ABSTRACT
High-throughput technologies in the era of post-genomics provide new opportunities to investigate
complex biological systems. Data can be collected for a system of interest at the level of gene expression,
protein expression and metabolite concentration changes and then used for the assessment of interactions of
molecules. However, the vast amount of information also poses challenges for data management, analysis,
and interpretation. This paper aims to outline the technical complexity and the sources of variation in the
technologies involved in molecular systems biology and computational strategies for data integration.
Keywords: metabolomics; systems biology; computational biology.
INTRODUCTION
Most economically important traits, such
as milk composition and yield, meat and fibre yield
are complex traits. These traits are controlled to
varying degrees by complex genetic systems and
affected by environmental factors. Understanding
the mechanisms underlying these complex
phenotypes is of fundamental importance in
biology and will provide new clues and strategies
for trait improvement.
However, identifying relevant genes has
been difficult because the genetic effect of each
causal gene is often modest and only a small
number of genes can be studied at a time by
traditional genetics. The interactions of genes are
often neglected and difficult to detect (Carlborg &
Haley, 2004). The completion of the genome
sequence projects in a number of species now
makes it possible to investigate genome-wide gene
interactions for complex traits (Hirschhorn & Daly,
2005). Techniques developed in the era of postgenomics (transcriptomics, proteomics and
metabolomics) make it practical to gather
information on complex systems from different
perspectives. For investigation of a particular
complex system, microarrays provide a technical
platform in transcriptomics to capture snapshots of
gene expression in the genomic scale; while mass
spectrometry and other spectroscopic tools adopted
in proteomics and metabolomics can evaluate
protein expression and monitor the variations in the
accumulation of small metabolites on a large scale.
The advent of these high-throughput
techniques calls for good practice in data
management and novel approaches for making
sense of data. Systems biology is devoted to
providing new research paradigms for integrating
data from different levels of analysis to understand

the complex biological systems at the molecular
level. The aim of this paper is to outline the
technical complexity and the sources of variation in
the technologies involved and computational
strategies for data integration.
METABOLOMICS AND OTHER
COMPONENTS IN SYSTEMS BIOLOGY
The use of systematic genomic, proteomic
and metabolomic technologies to construct models
of complex biological systems is becoming a
common practice, which is collectively known as
systems biology (Ideker et al., 2001; Kitano,
2002a, 2002b). Although the notation of “systems”
science has existed for some time in traditional
biology (e.g. ecology), the goal, research scope and
methodology of systems biology in the context of
genomics is still under current discussion
(Kirschner, 2005, and other commentaries in the
same issue of Cell). Systems approaches have
recently become far more powerful in molecular
biology because of the availability of new highthroughput
and
quantitative
experimental
technologies (see commentary: Ideker, 2004).
The genome sequencing projects had a
very clear objective, the determination of the
complete genome sequences of the species in
question. The objective was ambitious but proved
achievable through remarkable technical advances
and huge international collaborative efforts (Collins
et al., 2003).
However, the initial goal of
proteomics and metabolomics, which is the rapid
determination of the “complete” set of proteins or
metabolites expressed in a cell or tissue has yet to
be achieved for any species (Patterson &
Aebersold, 2003; Summer et al., 2003).
Genome-wide determination of functions
of genes and their products is a more challenging
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task than deciphering static genetic codes. It is
difficult to catalogue the properties and functions
of all the proteins in the proteome and all the
metabolites in the metabolome, not only because
the current analytical methodologies are limited in
their capacity to detect and characterize all the
molecules in the cell or tissue but also the
interpretation of the functions is impossible without
knowledge of the biological context. Compared
with structural genomics, data collected from highthroughput techniques in functional genomics are
complex and more prone to errors. Details of both
pre-processing and biological context must be
recorded for effective data sharing and
reproducible research. The complexity of the data
makes it difficult to deposit and query from a
relational database as the metadata (data about
data) must be accompanied with numerical
measurements. Data standards (data models) have
been established to facilitate information exchange
in functional genomics including MIAME (Brazma
et al., 2001) for microarray experiments, PEDRO
(Taylor et al., 2003) and PSI (Orchard et al., 2004)
for proteomics and ArMet (Jenkins et al., 2004) for
metabolomics.
EXtensible Markup Language
(XML) has become the technique of choice for data
exchange because of its capability and flexibility
for describing data. Computational improvements
in the storage and query of data in XML formats
has been an important factor in its adoption as a
mainstream data exchange technology.
There is no single technology platform that
can satisfy all of the desired measurements of
expression of genes, proteins and metabolites on
the genomic scale. Microarrays have been one of
the main tools for investigating gene functions by
providing a global view of transcription.
Customized cDNA arrays and Affymetrix oligo
arrays are the two main platforms. Tiling arrays
were originally designed for unbiased detection of
transcription and unexpected transcription active
sites were often found (Bertone et al., 2004).
SAGE (serial analysis of gene expression) provides
an alternative to chip-based techniques. Low
throughput RT-PCR is often considered as a gold
standard to verify microarray results.
In contrast to Watson-Crick base-paired
nucleic acids, proteins and metabolites have diverse
structural and functional properties which make the
development of technology platforms for
comprehensive proteomic and metabolomic
profiling intrinsically much more difficult. Many
efforts are being undertaken for their improvement.
Any current practical analysis provides only a
limited view of the proteome and metabolome.
Two-dimensional gel electrophoresis (2DE),
MALDI-TOF mass spectrometry, LC-MS/MS and

chip-based methods are being used in proteomics
for protein measurements (Patterson & Aebersold,
2003).
The two-hybrid system enables the
construction of a map of interactions among
proteins (Tucker et al., 2001). Depending on the
properties of metabolites of interest, a range of
chromatography-coupled analytical techniques
(GC-MS, LC-MS and LC-MS/MS), FT-MS and
NMR could be selected to provide broad-spectrum
metabolite profiles (Weckwerth, 2003; Kell, 2004).
Techniques such as stable isotope labelling GCIRMS or NMR can provide additional information
on metabolic fluxes. An understanding of the
machinery used for the high-throughput data
generation is a prerequisite to coping with technical
sources of variation.
The primary experimental goal of “omics”
technologies is the non-targeted identification and
global profiling of mRNA, proteins and
metabolites present in specific biological samples.
It is common to see these technologies reveal
unexpected properties of biological systems. The
global data sets are rich in information but difficult
to analyze using traditional knowledge-based
interpretation (Patterson & Aebersold, 2003). New
methods must be employed or developed to extract
biological insights or to formulate hypotheses.
COMPUTATIONAL CHALLENGES
Identification and measurement
of
biological variance of interest among all other
biological
and
non-biological
variances
(environmental factors, instrumentation etc.) is a
key requirement of quantitative biological research.
However, the challenges are magnified in the
domain we are investigating as the sources of
variation are manifold.
Sources of variations
The understanding and proper assessment
of these variations are prerequisites for effective
data analysis and integration.
General good
practice from sample preparation to instrument
manipulation is essential. High-throughput assays
in functional genomics typically produce noisy
data. The process of sample preparation is more
complicated at least in microarray experiments.
Conditions of DNA preparation and hybridizations
need to be optimised beforehand.
Modern instruments also come with
sophisticated software, experience is required to
handle the machines and optimise parameters for
data acquisition.
Sources of variation in
microarray
experiments have been well
documented (Kerr & Churchill, 2001). Careful
experimental designs, such as dye-swap, have been
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advocated to reduce the variation due to dye-bias.
It may be relatively easy to identify sources of
variation, but it is often tricky to choose
appropriate approaches to eliminate variations in
high-throughput data generation.
Technical
limitations and sources of variation such as batch
effects need to be considered during statistical
consultations on experimental design and data
processing to make a cost-effective choice. For
example, relying on experimental design to remove
batch effect may be more costly than choosing a
proper data pre-processing procedure to reduce the
effect.
As said, commercial software is often
provided by manufacturers for data capture and
preliminary data processing. It is important to
understand these low-level data processing steps
(e.g. missing value treatment) to ensure highquality data generation. Although algorithms for
signal
quantification,
peak
alignment,
deconvolution and structural identification are
currently implemented in the commercial software
packages, these algorithms are still the subjects of
active research in the area of chemometrics
(Johnson et al., 2003) and proteomics (Listgarten
& Emili, 2005). The best use of some complicated
algorithms, peak alignment for example, requires
human intervention.
Therefore, it may be
necessary to start from raw data rather than relying
on the default data pre-processing provided by
instrument manufacturers as novel algorithms
continue to be invented. Fortunately, it is now
feasible to access those raw data in proprietary
formats on a range of analytical instrumentations
thanks again to XML technology (Pedrioli et al.,
2004).
Make Sense of Data -- The Art of Modelling
Once the data collected for studying a
complex biological system are properly cleaned up
and pre-processed, exploratory data analysis is
usually the first step to search for structures and
patterns in the data.
Unsupervised learning
algorithms including hierarchical clustering, kmeans and self-organizing map (SOM) etc. can be
used. Investigation of clusters within the data may
give new insight into the systems often with the aid
of other prior information about the individuals in
each cluster. All clustering algorithms rely on
distance metrics to measure the similarity between
individual observations or groups. The pattern of
clustering found depends on the choice of distance
metric, such as Euclidean, Manhattan, Pearson
correlation coefficient, just to name a few. Coclustering (co-occurrence) analysis of genes,
proteins and metabolites data may reveal coherent
relationships among these variables, which may be
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unexpected and provide the basis of new
hypothesis formation.
Supervised learning
algorithms take advantage of current knowledge to
guide learning process to achieve better
classification and prediction. Brown et al. (2000)
used support vector machine (SVM) learning
algorithms to re-classify genes from the same data
set (Eisen et al., 1998) by incorporating functional
categories calculated from MIPS yeast genome
database (MYGD) and showed that SVM
outperformed many unsupervised algorithms.
Information on pathways of genes, proteins and
metabolites, their cellular location and functional
categories can be incorporated into supervised
learning processes to obtain models with better
predictive power.
Genes, proteins and metabolites interact
with themselves and each other to manifest cellular
functions. The reconstruction of cellular networks
and exploration of universal laws that govern
structure and dynamics of molecular networks is
developing as the emerging field of network
biology (Barabasi & Oltvai, 2004). Network
models can be inferred from transcriptomics,
proteomics and metabolomics data respectively
(Samoilov et al., 2001, Segal et al., 2003) or joint
analysis of the data.
Combined analysis of
microarray, proteomics and/or metabolomics data
has been used to identify novel gene function and
regulatory networks. The approaches to derive
network structure include multiple regressions
(Gardner et al., 2003), correlation (Stuart et al.,
2003) and Bayesian network models (Friedman,
2004). Evaluation (model selection) is usually done
by ranking models with score functions, such as
Bayesian information criteria. The best model is
selected with the highest score (Segal et al., 2003)
or a combined model is pursued (Hastie et al.,
2001).
There are pitfalls to be avoided in network
modelling. Searching network structure from de
novo is computationally expensive or prohibitive,
so integration of prior knowledge is an efficient
way to set constraints in searching for optimal
network models. Prior knowledge here includes
cellular location, DNA/protein sequence, pathway
information and exhaustively-searched literatures.
Defining the right granularity for modelling is
another important issue. Granularity here refers to
the level of detail or abstraction at which a
particular problem is analyzed. Specifying the
right level of details, which often requires
sophisticated knowledge in the domain being
modelled, is a key to finding effective solutions for
a complex problem. The same mathematical
theory can be used for totally different domains,
but the interpretation of the models will suffer if
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the granularity is not carefully defined. For
example, a network may be modelled as a graph G
(V, E) where V denotes node and E edges in the
graph (G). In terms of a metabolic network,
metabolites correspond to nodes and reactions
correspond to edge(s) between nodes. For gene
interactions, it may be important to select a subset
of genes rather than all genes in the whole genome
to model their interactions. Granularity can be
addressed by asking questions like: what kinds of
relationships do we need to model and what details
about the relations will give us sufficient power of
prediction and interpretation? The answer to these
questions depends on both prior knowledge and the
availability of data. The relationships may be
modelled as Boolean (one gene turns on/off
another) or other logic relationships (fuzzy logic);
correlation (one gene is highly correlated to
another); probabilistic (one gene affects another
with probability of 0.8, for example), or kinetic
(reaction rate) etc.
Each “omics” provides one side of
information towards the understanding of a
complex system. This review is far from complete
as there are several missing links which need to be
connected for functional characterization of cellular
molecules and their interactions. For example,
molecular fluxes through metabolic networks have
their role in the determination of cellular
phenotypes. High-throughput flux analysis has
been reviewed elsewhere (Sauer, 2004). Each
“omics” experiment alone has a limited utility. The
integration of data from different sources helps
reinforce bona fide observations and reduce false
negatives (Hwang et al., 2005). However, data
integration in systems biology from different
observations and prior knowledge is not a trivial
task. The lack of suitable software tools and
resources currently limits essentially all areas of
proteomics (and metabolomics) data analysis from
searching MS/MS spectra of known metabolites to
deriving value from data that goes beyond an initial
scan for “interesting observations” (Patterson &
Aebersold, 2003).

of molecules and bridging gaps between genotypes
and phenotypes.
However, complex traits, such as lactation,
growth rate and stress resistance, in multi-cellular
organisms operate across a range of scales from
intracellular, to intercellular to inter-tissue/organ,
and this requires integrating understanding across
these different scales. For lactation to occur,
communication networks among liver, muscle,
adipose and mammary tissues are needed to
orchestrate the appropriate metabolic responses
(Lucy, 2004; Ribaux et al., 2002). For example,
the liver senses nutrient supply to the body and
elicits an endocrine message to communicate to the
rest of the body how nutrients are partitioned away
from muscle and adipose tissue to the lactating
mammary gland (Lobley et al., 2000). However,
this control slides back towards muscle and adipose
tissue as lactation advances. Understanding the
molecular networks underpinning these “switches”
is challenging in modelling but the key to establish
hypotheses on how to manipulate specific networks
to modify lactation and nutrient partitioning in a
predictable manner.
Techniques (e.g. from nanotechnology to
real-time imaging) will continue to be developed to
collect quality data toward understanding complex
biological systems. While we agree that data will
need to be collected at fine resolution in space and
time to reveal subtle interactions and dynamics, it
is also important to take full advantage of current
capabilities of data collection. The sophistication
of data produced in transcriptomics, proteomics
and metabolomics is enough to justify increased
effort to develop improved computational tools to
aid knowledge discovery. However, because of the
complexity and diversity of biological systems, it
will not make sense to try to create a one-size-fitsall software solution. We need to do better in
developing effective and devoted collaborations
among biologists, chemists, mathematicians and
computer scientists.

DISCUSSION AND CONCLUSIONS

The authors acknowledge the support of
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It is imperative to develop new paradigms
to understand complex traits and provide detailed
mapping from genotypes to phenotypes (Botstein
& Risch, 2003). The mechanisms behind the
adaptability and versatility of complex biological
system need to be elucidated to establish more
reliable biomarkers for the prediction of complex
traits. The integration of the “omics” information
will help toward understanding cellular interactions
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