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Abstract

In this paper we present a conceptual framework common to all studies of global biological variation. It
comprises of three components; data, concepts, and analyses. Most studies are still founded on the collection of
one or two data types, but with the recent emergence and deployment of affordable high-throughput biological
technologies, an increasing number of studies are reporting integrative approaches. We evaluate the contributions
of these studies to biological understanding and conclude with discussion about integrative functional studies as
a necessary follow-up to global discovery driven approaches.
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1 Introduction

Studies of complex phenotype and many other studies within biosciences can be decomposed naturally into three
components (S1-S3). While it is not a perfect decomposition, it describes the set up surrounding many biological
investigations. This review presents, discusses and evaluates the contribution of these components to biological
understanding.

S1 Data: observations of a biological system.
S2 Concepts: provide the foundation for appropriate modelling strategies and interpretation of data.

S3 Analyses: provide the formal structure of the modelled system and the statistical framework in which
models are fitted to data.

The present revolution in the biosciences is driven by the development and the ongoing improvement of a series
of high throughput technologies which can now capture a range of biological information. This provides a rich
source of data and paves the way for an unprecedented understanding of organisms and the pathway to genotype
and phenotype. Here, we consider six such sources of data (D1-D6) which are described in detail in section 2:

D1 The Genome (G) is the simplest data type, the cheapest, the first and can be measured at the highest accuracy.

D2 The Epigenome (E) comprises the features outside of DNA sequence that affect cellular processes such as
structural DNA changes.

D3 The Transcriptome (T) is the level of different transcripts of all genes.
D4 The Proteome (P) is the concentration of proteins and modified proteins.
D5 The Metabolome (M) is the concentration of metabolites.

D6 The Phenome (F) is the set of phenotypic characteristics which comprehensively characterise phenotype of
an individual.

The analyses of these data types is founded on one or more of five concepts (C1-C5) we have identified. They
are accepted and used so frequently that they are often taken for granted and used without question. First is the
assumption that a mapping from genotype to phenotype exists. This motivates many complex phenotype studies
and inherent in many such analyses are assumptions about the nature of this function. Second is the general
concept of a network. They are used in a wide range of disciplines but in the biosciences, they are used to describe
relationships and interactions of biomolecules. Third are genealogies. They can be considered at three levels and
are important because they impose structure on genetic material. At the finest level, there are genealogies relating
cells within an individual, at the next level there are genealogies which relate individuals of a population, and
finally there are genealogies which relate species. Fourth is the concept of knowledge, which is difficult to define
and represent but crucial since all studies are founded on it to some degree. At a foundational level, knowledge
shapes study design and analytical strategies. At a more specific level, knowledge can be informative for either
the construction of specific hypotheses or validation of findings. The most basic example is the Central Dogma
of Molecular Biology which describes the flow of information from genotype through to protein (figure 1). While
there are accepted exceptions, the central dogma motivates the collection and integrative analysis of intermediate
molecular phenotypes from the transcriptome, proteome and metabolome (also depicted in figure 1). Last is the
concept of hidden structures which is important due to the many unobservable hidden states of biomolecules. A
very large class of modeling situations can be represented as having a part that can be observed and part that cannot
be observed. However, inference about the unobservable part can be done since it interacts with the observable
part.

C1 A Mapping from Genotype to Phenotype
C2 Networks

C3 Genealogical Relationships

C4 Biological Knowledge

C5 Hidden Structures



Data and concepts are combined to construct models. These can be used to interpret and analyse data, and
different combinations of data, knowledge, and concepts lead to different analytical techniques. Most reasoning
and communication between researchers is done via discussion of models, hence the importance of models can
hardly be exaggerated. Choosing and constructing appropriate models that describe data in the presence of noise
requires the use of statistics and is the focus of section 4. We evaluate a range of analytical techniques which
range from the well established analyses of single sources of biological data through to more recent and complex
integrative strategies.

The goal of studies which analyse global biological variation data is usually to refine knowledge and understanding
of biological processes, usually with respect to a particular phenotype or certain conditions. In particular, the
most recent integrative analyses of multiple data types aim to suggest putative causal mechanisms underlying a
phenotype. Complete molecular descriptions of these mechanisms can be ascertained using systems biology, but
this approach can only be used on a small scale relative to the global studies of variation which we describe a
framework for in this paper.

As an increasing number of studies of global variation provide evidence which support putative causal mechanisms
giving rise to complex phenotypes, the field over the coming years will become increasingly focused on finer scale
functional studies which we introduce and discuss in section 5. At present there are few functional studies which
have completely described the biological mechanism causing a complex phenotype. Most at best can suggest
possible explanations, which is not surprising given that a complete functional dissection will require detailed
knowledge and accurate dynamic modelling of many biomolecules.

Figure 1 The main biological mechanisms involved on the path from genotype to phenotype, the biological data
types harvested to capture these processes together with various disciplines which have evolved to analyse data.
Note that epigenetic and environmental exposures are missing from this figure and also play a vital role in many
of the processes from genotype to phenotype.
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2 Data Types

There are six main sources of data which can be measured on a global scale and in this section we distinguish
between the true source of data (e.g. transcripts, proteins, DNA, metabolites) and the typically measured quantities
representing them. We discuss the completeness, dimension, and reliability of such data, as well as other notable
features such as correlation patterns.

2.1 Genomic Data

Full genomic DNA data are available at a species level with the total number of organisms fully sequenced ever
increasing [99]. The sequenced human genome was largely completed in 2001 [132, 62, 63], a consensus of ap-
proximately three billion nucleotide positions achieved using only a few individuals. Obtaining the entire genomes
of single individuals is now a possibility [82, 138], and a large-scale project is forthcoming to identify the six bil-
lion basepair diploid genomes of roughly 1000 individuals (http://www.1000genomes.org/). Though DNA can
vary within an individual from cell to cell, currently a consensus is taken across cells (often from blood samples)
to achieve a single representation of an individuals genome.

However, the cost of exhaustively collecting all of an individual’s genetic information is currently too high to be
done in the vast majority of studies. Instead, genetic information is usually collected at a subset of genetic markers
that attempt to capture as much of the complete genome information as possible. Approximately 99% of the DNA
between any two individuals is the same. Markers are genetic regions that show variability in a population. There
are three particularly prominent types of genetic marker:

1. Single-Nucleotide-Polymorphisms (SNPs) — nucleotide positions where a sampled chromosome can take
different values, or allelic types. SNPs are the most common type of genetic marker in the human genome,
comprising ~ 0.1-1.0% of the genome in most human populations. The vast majority of these have two
allelic types.

2. Micro-satellites — regions of contiguous repeated short nucleotide sequences where a sampled chromosome
can have a different number of repeats, comprising <0.1 of the genome. Each micro-satellite location thus
often has more than two possible allelic types.

3. Copy-Number-Variants (CNVs) — 1Kb to several megabase segments of the genome that are present in
different numbers in different chromosomes sampled from a population. Recent work suggests that ~12%
of the genome is subject to copy-number-variation [106].

Most large-scale studies currently collect genetic information at ~300-1000K genetic markers, typically SNPs.
The rate of mis-classifying the allelic type at a genetic position depends on the type of marker analysed and the
method used to classify it; for SNPs this rate is typically <1% (e.g. the estimated error rate was ~ 0.1-0.2% in the
WTCCC study).

Though markers consist of only a subset of the genome, there is often a considerable amount of correlation between
them. This phenomenon is known as Linkage Disequilibrium and occurs because genetic material at distinct loci
are not transmitted independently (see section 4.2.1). SNPs typed on genotyping arrays are carefully selected such
that they can potentially capture a much larger proportion of the total genetic variation.

In typical genetic data collections, one collects only allelic information at each marker and not information on
which alleles were inherited together along a chromosome from a common source. For example, in diploid
organims such as humans, an individual has two chromosomes representing a given region, one inherited from
each of their parents, so that each marker of an individual is a set of two observations. However, considering two
consecutive markers, in typical DNA sample collections we do not observe which of the two possible combinations
of alleles across markers were inherited together from each source. This is known as the haplotype information,
which can potentially be estimated using existing software exploiting linkage disequilibrium patterns. Similarly,
imputation algorithms [85] can be used to infer genetic variants that are not directly typed on an array or even to
predict misclassified positions.



2.2 [Epigenomic Data

Epigenomics is the study of epigenetics at a global scale. There are a variety of definitions of epigenetics [9], but
we define it as the study of global features/processes which have influences on cellular regulation which are not
encoded by DNA sequence variation. The main areas of study are chemical modifications to DNA and structural
changes in DNA packaging, in particular DNA methylation and histone modification. Methylation is more stable,
so changes in methlyation patterns are typically longer lasting than histone modifications which might only last
for the duration of the cell life.

Methylated DNA (mainly methlated cytosines) and histone modifications can be detected using chromatin immuno-
precipitation techniques. There are specific antibodies against 5-methyl cytidine which can be used to immunopre-
cipitate methylated DNA fragments and similarly there are specific antibodies against various modified of histones
which can be used to immunoprecipitate the modified histone proteins. These fragments can then be washed, am-
plified and hybridised to microarrays. Bisulphite treated DNA can also be used to detect methlyated C’s since the
treatment converts unmethylated C’s to T’s. Bisulphite DNA can be hybridised to an array to distiguish methy-
lated positions. To reduce the dimension and the number of arrays required (for both Chlp-on-chip and Bisulpite
treatment methods), the arrays used usually contain probes from gene promotor regions.

Epigenetic processes are widespread throughout the genome. Epigenetic features are primarily inherited but they
are subject to modification over time; either due to environmental sensitivity or stochasticity associated with inac-
curate copying mechanisms. The effects of an epigentic change/mutation can be passed onto daughter cells (e.g.
cancer tumour growth) or be temporary and last only a single cell cycle. For example, the copying mechanisms
associated with DNA methylation for example are only 96% accurate such that one error is expected every 25
methylated sites. Since the epigenome of an individual is dynamic over time, it is suggested that it could be re-
sponsible for incomplete penetrance of genetic disease. For example studies show that identical twins can exhibit
vast differences at an epigenomic level and hence could be underlying discordant phenotype.

The study of global epigenomics is not yet widely employed, although advances in technology are making it
increasingly viable. Instead the study of epigenetic processes is usually reserved for more focused studies. Con-
sequently we discuss the ultility and applications of these sources of data in section 5.

2.3 Transcriptomic Data

Transcription is the process by which RNA is synthesised from DNA in the nucleus of the cell. It can be considered
in two stages (see Figure 2). First proteins (transcription factors) bind to DNA to induce transcription of primary
messenger RNA transcripts (i.e. pre-mRNA) from DNA. The second stage, RNA processing, involves the splicing
of pre-mRNA transcripts into mature mRNA (i.e. mRNA). Splicing is the process by which exon transcripts are
separated from intron and intergenic transcripts and joined back together. Since exons can be included or excluded
in different ways, multiple transcript isoforms can be made following the initial transcription of a single gene, a
phenomena is known as alternative splicing. Thus while the entire genome may theoretically be transcribed into
pre-mRNA, only the exons of genes may be transcribed into the mRNA that leaves the cell to synthesize proteins.
Other mechanisms also influence translation of mRNA into protein so there might be little correlation between
observed quantities of mRNA and the analogous protein. Despite this, mRNA abundances serve as an indirect
measure of gene expression or activity.

Mature RNA levels vary between different cells from the same source. The expression of different genes allows
cells to differentiate and perform different functions. Consequently, unlike genetic material which is nearly iden-
tical throughout all cells in the same individual, genes expression patterns vary according to cell type (and there
is stochasticity even within cell type) and are dynamic in time. Single cell techniques target mRNA level within
individuals cells, but the majority of studies involving large numbers of individuals do not use such a fine res-
olution. Instead, microarray-based techniques are commonly used which interrogate thousands of mRNA levels
simultaneously from a sample of a large number of cells (= 10?), and final observations are therefore averages
rather than cell specific observations.

There are approximately 24,000 known human genes [25], whose mRNA transcript levels can now be routinely
interrogated using a single microarray which is often referred to as a gene expression array. The mRNA transcripts
present in a sample are quantified via the use of many short oligo-nucleotide probes (see Figure 2). Usually



between 4-11 probes comprise a probe set and each probe set targets a region of a specific gene. There may be
several probe sets which target the same gene according to its length. Microarrays designed to target multiple
different exons throughout a gene can have upwards of 1 million probe sets each containing 4 probes. Intensities
observed at probe sets within a single exon provide a measure of expression of all transcripts which contain that
exon (which may be many due to alternative splicing). However, standard expression microarrays do not provide
exon level data, with probe sets located only towards the 3’ untranslated region (UTR) of the gene. There are
fewer probe sets in standard arrays, but they each typically contain more probes (up to 11). High correlations of
transcript abundance measures are expected between probe sets which map to the same gene and indeed, other
patterns of correlation are also expected according to the complex regulatory systems operating to control gene
expression.

Most analyses summarise each probe set by a single value (typically a robust average across probes). These values
do not map 1-1 directly to mRNA levels, due to technical and biological sources of noise. Noise can be introduced
by variability across different lab technicians, array stickiness or fluorescent dye effects, and there are varying
degrees of non-specific and specific hybridisation i.e. transcripts other than the target can also bind to the probe,
and some targets bind more readily than others. Consequently, probe intensities are not interpreted directly in
terms of the number of transcripts present in a sample. Instead subsequent analyses consider intensites relative to
one another. Suitable pre-processing of the raw data enables within array and between array comparisons to be
made.



Figure 2 An illustration demonstrating how mRNA transcript abundance is quantified for a protein coding gene.
In the bottom layer, transcription of the gene is initiated by the binding of a transcription factor (the circle) to
DNA and produces pre-mRNA. Protein coding exons are numbered and introns are filled. The resulting single
stranded pre-mRNA is illustrated in the second level with non-coding regions represented by a single line. The
third layer illustrates RNA processing (i.e. splicing, capping at the 5’ end of gene and the addition of the poly-A
tail to the 3’ end of the gene) and results in the formation of mRNA which is transported outside of the nucleus
of the cell. Different isoforms can be produced according to alternative splicing although only one isoform is
illustrated in this figure. Finally, mRNA is isolated, extracted and hybridised to a microarray containing probes
for the transcript. This is demonstrated in the top layer of the figure by the arrows. Each arrow represents a single
probe. They are usually short oligonucleotides approximately 25mers. At a gene level, probes are located in the
3’ untranslated region (UTR) whereas at an exon level, probes are distrubuted throughout exons of the gene. At
the exon level, probes within a single exon form a probeset, in this example there is a single probeset per exon
although this is not always the case. At a gene level, in this example there is only one probeset but similarly, there
may be multiple probe sets depending on the length of the gene.
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In addition to mRNA, there are several types of non-coding RNA, which are not translated to protein. Ribosomal
and transfer RNAs (rRNA, tNA respectively) are crucial for the translation of mRNA into protein in every cell,
while micro-RNAs (miRNAs) have a regulatory role. miRNAs are shorter than regular protein coding RNAs
(= only 100 bases processed to ~ 21-23 nucleotides) and they are approximately complementary to mRNA.
This enables them to bind to mRNA and interfer with post-transcriptional processes and protein synthesis hence
regulating protein gene expression. Since they need not be perfectly complementary, a single miRNA can regulate
multiple genes. There are microarrays designed to target miRNAs specifically. There are approximately 800
known or putative human miRNAs which can be screened for simultaneously using similar microarray technology.

2.4 Proteomic Data

Proteins are synthesised from mRNA transcripts via translation and interact with each other and other biomolecules
to perform a wide range of functions within a cell. The activity level or expression of a protein coding gene is
more directly measured by quantifying the amount of synthesised protein. The total size of the human proteome is



estimated to be at least ten times greater than the total number of protein coding genes (= 24,000), with the space
of potentially physiologically relevant protein-protein interactions recently estimated to be ~650,000 [124].

Like mRNA transcripts, protein abundances cannot be measured directly and, in the same way that a single gene
transcript expression is targeted by multiple probe sets, protein presence and abundance is targeted via the identi-
fication and detection of small peptides which make up the protein. Single cell global protein profiling is not yet
viable. Consequently, as in transcript profiling, it is subject to averaging of abundances over a sample of cells,
thereby neglecting local dynamic and stochastic information. Here we describe the main techniques for detecting
proteins on a global scale. Often, techniques to establish structural properties of proteins (such a phosporylation
and methylation) are reserved for more focused studies and are not used on a global scale.

There are several types of technology which can target different proteins and their structural properties. We
concentrate on those which are used on a global scale (i.e. protein identification and abundance) and we describe
the main data types which are also reviewed in more detail by Chaerkady and Pandey [18]:

e Mass Spectrometry - The proteins in a sample are subject to chemical fragmentation resulting in charged
peptides. The charge and mass of these peptides vary according to their composition hence enabling protein
identification. The data is usually presented as a graph with the mass-charge ratio of a particle along the x-
axis and abundance on the y-axis. The identification of proteins requires deconvolution of this data. There
may be multiple ‘peaks’ in the graph corresponding to the same protein since they get fragmented into
shorter peptides.

e 2D gel Electrophoresis- This technique separates proteins in two orthogonal dimensions on a gel. They are
separated according to specific properties of the protein such as isoelectric point or protein mass. Up to
10,000 protein spots can be separated in a single gel [71] and the resulting data are images of the gels with
statistical methods used to identify unique spots. Noise (i.e. weak spots) and incompletely separated spots
require careful processing.

e Protein Arrays - arrays are spotted with protein specific antibodies, aptamers or affibodies. Targeted protein
abundances are quantified upon hybridisation of the sample to the array. [56]

Since proteins physically interact with each other and other molecules (such as RNA binding) in cellular processes,
correlated abundances are to be expected. Protein interactions are usually inferred via observations of direct
physical interaction but other correlations can be observed from abundance data. Mass spectrometry data has
further correlation structure to the multiple ‘peaks’ corresponding to peptides derived from the same protein.

2.5 Metabolomic Data

Metabolites are the products of cellular processes involving proteins and/or other metabolites. Examples include
carbohydrates, fatty acids and amino acids. They can be endogenous to the metabolism or exogenous compounds
such as drugs, and are therefore sensitive to genetics, epigenetic processes and environmental exposures. Conse-
quently, the identity, abundance and structure of metabolites present in a sample can be informative about cellular
regulation perturbed by or driving phenotype and disease.

The size of the metabolome and what precisely constitutes a metabolite is still a matter of debate. Currently there
are ~6500 categorized human metabolites (http://www.hmdb/ca/), though the total number of human metabolites
may be on the order of tens of thousands. The range and number of metabolites detectable depends on that
platform used for quantification, such that complete metabolic profiling requires interrogation using a variety of
techniques. Nuclear magnetic resonance (NMR) spectroscopy, mass spectrometry (MS), chromatography and
vibrational spectroscopes are amongst the most widely employed and are reviewed by Dunn and Ellis [34]. The
output from MS studies is similar to that of protein mass spectrometry data; a mass spectrum resulting from the
ionising and separation of a sample. The data can be represented using a graph with mass-charge ratios along
the x-axis and intensities along the y-axis. Statistical analysis is required to extract and identify the ‘peaks’ with
specific known metabolites or classify them as novel molecules. The number of peaks identified varies according
to the study but they are often of the order of hundreds. The output from NMR spectroscopy is also data which
forms peaks which correspond to metabolites. This technique can also be informative of the metabolite structure
in addition to intensities according to the metabolite abundance. Dunn and Ellis [34] provide further detail and



discuss the merits of different platforms. The platform selection should reflect the objectives and the processes of
primary interest since they vary in sensitivity, techinical noise levels and molecular targets.

Metabolic profiling can be done with a variety of different samples including intact tissues and biofluids. Func-
tional interpretation of biofluid metabolic profiling is complicated since metabolic reactions and the processes
by which they are produced can be influenced by multiple organs, tissue and cell types. However, as in tran-
scriptomics and proteomics, metabolite profiles are currently assessed using a sample of cells rather than on a
cell-by-cell basis. Furthermore, the metabolic behaviour is more dynamic than either that of mRNAs or proteins
and can adapt quickly in response to environmental changes.

Metabolites can be the product of a process involving proteins or they can result from chemical reactions involving
other metabolites and specific catalytic enzymes. This induces correlation between the abundances and presence
of different metabolites. For example the presence of metabolite C might depend on the presence of metabolites
A and B and enzyme E.

Correlations can be observed from static observations of metabolite abundances can be considered representative
of the overall state of a system but they are sub-optimal for determining sets and rates of biochemical reactions
which are clearly dynamic. Systematic perturbation experiments coupled with time series metabolic observations
provide more information although sampling at a suitably fine time scale is not always possible. In-vitro biochem-
ical experiments can also generate informative metabolic data, although there may not be correspondance between
in-vitro and in-vivo measurements.

2.6 Phenomic Data

Phenomics is the study and characterisation of phenotype and by definition the term phenotype can be used to
describe any observed manifestation of genotype. Ideally, global phenotyping of any individual should include
many measurements to cover a wide range of characteristics including those which are morphological, biochem-
ical, behavioural or psychological [42]. Furthermore, there should be standardised procedures in place such that
measurements are comparable across countries. In practise global scale phenotyping in human individuals remains
an ideal (with the human phenome project proposed in 2003 [42]) but there have been considerable advances to-
wards achieving this goal for mice [12]. In particular, there are now centres throughout different countries where
mice can be sent to be ‘phenotyped’ according to standardised tests.

In most human studies there are relatively few phenotypes catalogued which target morphological, behavioural
and psychological traits. The majority are phenotypes which are traditionally of medical origin and include disease
diagnosis, presence or absence of a symptom, body mass index, blood pressure and response to skin prick tests.
Precision and dimension of phenotype characterisation has not improved in line with genetic, transcriptomic,
proteomic and metabolic profiling. This is mainly due to the subjective nature in which they are ascertained. For
example different clinicians might ask different questions regarding symptoms of the disease. The International
Statistical Classification of Diseases and Related Health Problems (ICD) defined by the World Health Organisation
(WHO) provides a way of systematically classifying and coding every health condition according to six categories.
However, since different molecular diseases or phenotypes can manifest in similar or the same symptoms, accurate
and complete phenotyping remains a challenge. Measurements/observations can be incomplete, subjective and
imprecise and yet they form the basis of many studies. Biochemical phenotyping or molecular phenotyping for
humans is more comprehensive and includes global observations of transcripts, proteins and metabolites which as
discussed previously can be measured (albeit indirectly) according to rigorous protocols worldwide.

Strictly speaking, the human phenome encompasses all observations of (E, T, P, M) and arguable even G. However
most researchers use the term phenotype to describe disease status, which is a very coarse observation. The task
of well defining appropriate phenotype(s) in a study of the mapping from genotype to disease is fundamental to its
findings and success with respect to sensitivity (detecting true positives) and specificity (rejecting true negatives).
For example, Posch et al. [100] call for supplementary phenotypes to distinguish between congenital heart disease
conditions of different etiologies, and Bilder [8] suggests that the lack of significant genetic association findings
for psychiatric diseases such as bi-polar disorder and schizophrenia may be due to the sub-optimal nature of
categorical psychiatric diagnoses as phenotypes.

Correlation between molecular traits are expected as discussed previously, however, it is rare that multiple phe-
notypes/disease states are ascertained from the same study individuals, hence disease correlations are not well

10



understood. There are some well known instances of co-morbidity of disease including asthma with eczema, and
obesity with type 2 diabetes. In other situations, the presence of one disease or phenotype can be negatively cor-
related with another. For example, sickle cell anaemia is protective for malaria and prostate cancer is protective
for type two diabetes (and vice-versa). Correlation between clinical phenotypes are usually caused by a degree of
overlap of disease risk factors of which some might be genetic.

2.7 Other Data Sources

The data types G, T, P, M, E and F are not comprehensive, in this section we briefly describe some other sources.
The majority are image based and reserved for focused studies rather than phenotype studies of large numbers of
individuals. They can be categorised according to their target which are either located within the cell, beyond the
cell (and within individual) or beyond the individual ( external environmental quantities).

Within the cell quantities include G, T, P and M, but data types as described thus far largely quantify presence/ab-
sence or abundance data. Structural properties and dynamic behaviour can also be interrogated albeit on a smaller
scale. Crystallography, electron cryomicroscopy (cryo-EM) and microscopy can provide structural information
on molecules, and real time dynamic behaviour of labelled positions on a single molecule can now be determined
using ‘Single Molecule Measurements’ [75, 73]. They are largely optic based and can give detailed information
in the dynamics of movements of for instance parts of RNA, proteins or molecules in a membrane. They provide
data at the most detailed level and contrary to other techniques do so without any need for averaging.

Biological phenomena which extend beyond the cell are of paramount importance for the study of complex pheno-
type and they are essential to describe how perturbations within a cell or population of cells manifest in observed
phenotypes. Information can be obtained via observations of cellular quantities in different tissues for example
but few studies are able to employ this approach due to both expense and practicality of sampling relevant cells in
large numbers of individuals. The majority of observations ‘beyond the cell’ are imaging techniques and include
confocal microscopy, magnetic resonance imaging (MRI), tissue image cytrometry and optimal projection tomog-
raphy which can provide four dimensional high resolution data at an organ level. Observations from these sources
contribute to understanding the signalling and processes which transfer perturbations in the cell to perturbations
of phenotype.

Environmental exposures are perhaps one of the most difficult factors contributing to complex disease to study.
Even if they were known, monitoring the human environment and collecting data is difficult. Obvious factors
include smoking, diet, alcohol intake and stress but even they cannot be measured to a high degree of accuracy.
For this reason, many gene-environment studies are performed with model organisms which can be subjected to
homogeneous conditions. In humans, to some extent, the effects of environmental influences might be reflected
within the individual but distinguishing these effects and attributing them to external factors is difficult.
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3 Concepts

Interpretation and analysis of observed data requires the formulation of appropriate models and these are founded
on some general concepts relating to the structure, dynamics and evolution of an organism. There are five main
concepts which we discuss in this section: a mapping from genotype to phenotype, networks, genealogical rela-
tionships, biological knowledge and hidden structures. Genotype to phenotype functions are very general, they
rarely attempt to describe functionality but instead focus on predicting the modification to disease risk or pheno-
type in the presence of different genetic variants. Networks are again models, but they attempt to provide a more
functional explanation by involving quantities that can be interpreted at the molecular level. Contrary to genotype
to phenotype functions and networks which both provide approximations to true mechanisms, true genealogies re-
lating cells, individuals and species exist and could be exploited effectively if they could be observed. In practise,
this is rarely possible, so models of evolution are important to characterise the uncertainty over possible genealo-
gies consistent with the data. All studies are founded on a certain level of biological knowledge and as research
studies continue to exploit high throughput experimental techniques, representation and exchange of knowledge
is becoming increasingly important. Hidden structures have also played an important role in data analysis and are
discussed in the last part of this section.

3.1 A Mapping from Genome G to Phenome F'

Figure 1 depicts a series of processes connecting the genome G to the phenome F', but, much work in the past
several decades has concentrated on associating genetic variation data directly to a phenotype (largely because
genetic data was the first to become readily available in large quantities). Most studies simplify the mapping
by considering mapping a single phenotype y € F'. An increasing number of studies are investigating multiple
phenotypes, such as molecular or anthropometric traits but these are typically mapped to the genome (or separate
loci in the genome) separately. Hence we primarily discuss mappings from the genome to a single phenotype
in this section (equation 1). The functions h(.) and f(.) are mapping functions and E(.) denotes expectation in
the statistical sense. Most mapping functions model the expectation of a phenotype (i.e. E(Y")) which accounts
indirectly for noise/ unknown sources of variation. These mapping functions include the well known class of
statistical models; Generalised Linear Models (GLMs).

hE(Y)) = f(G) €))

Mapping the genome to a single phenotype is done by breaking down the genome into regions according to a set of
genetic markers or simply by mapping a subset of genetic loci which show variation in a population. The genetic
variation at a single locus is denoted by g and is usually quantified by a single value which aggregates the variation
on both parental chromosomes (for diploid organisms). In the case of biallelic SNPs which take one of two types
on each chromosome, variation is quantified numerically according to the number of alleles of (labelled arbitarily)
one of the two types, hence genotype values can be represented by 0,1 or 2. Hence g is commonly a value in 0,1,2
for each locus. Naive mapping functions consider mappings from genotypes at single genetic markers to single
phenotypes (equation 2).

hE(Y)) = f(g) )

Although this class of functions can suffice for phenotypes influenced by a single gene they are often inadequate
to describe genetic influences on complex phenotypes which might be better described by functions involving
multiple markers (equation 3 where there are m loci affecting y).

REY)) = f(g1,--Gm) 3)

Mapping genetic markers or genomic regions to a phenotype involves characterising how variation at markers
(single or multiple) influences phenotype or risk. This involves defining a penetrance function which makes
statements about phenotype conditional on genotype at a particular locus (or set of loci). A simple example of a
penetrance function (and indeed that of a map from genotype to phenotype) might say that if specific genotype is
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present at a particular locus then an individual has a particular (disease) phenotype with probability 1 (equation 4).
Note that equation 4 is an example of equation 2 where h(y) = P(y = disease) (or equivalently E(Y") if disease
is encoded 1 and control is coded zero) and f(g;) is an indicator variable which takes the value 1 if g; = g and
zero otherwise. Genetic effects are highly or completely penetrant for mendelian phenotypes such at sickle cell
disease.

P(y = disease) = Ity —o) 4)

Incomplete penetrance is the term used to describe instances when phenotype is modified with probability less
than 1 in the presence of a genetic variant. Incomplete and low penetrance is common for complex phenotypes
and is reflective of other influences on phenotype such as other genetic, epigenetic or environmental exposures.
That is, the presence of specific genotype at a locus might modify phenotype only if it is activated in some way
by another genetic variant, methylation pattern or smoking for example. Hence the probability of the phenotype
being modified given the genetic variant is present depends on the prevalence of the other factors which interact
with the locus. If observations of these factors are availiable then they can be included into the mapping function
(equation 5). In this equation e denotes epigentic factors and = denotes external environmental exposures. These
may also be multi-dimensional.

h(E(Y)) = f(917927 y 9ms G,I) (5)

The class of mapping functions in equation 5 is vast. The simplest approach is to consider the class of functions
which describe main additive effects (equation 6).

Fgr,92,  gmre;x) = Y fi(gi) + fmir(€) + fmsa(@) (©)

=1

However this class of functions does not model genetic, environmental or gene-environment interactions. Clearly,
with a large number of possible genetic, epigenetic and external environmental factors the function space encom-
passing all interaction models it is not possible to consider exhaustively. Consequently the interaction mapping
functions are usually restricted to include pairwise or low order terms. Examples are equations 7 and 8 where
there are separate terms for main effects and interactions.

f(91,92) = fi(g1) + f2(g2) + f1(91,92) @)

f(gae7x) = fl(g) + f2(e) + f3(1.) + f4(gae) + f5(gax) + fg(.’ﬂ,e) (8)

A statement about the mode of inheritance of a phenotype can be implicitly defined by the mapping function,
that is, how phenotype is transmitted from one generation to another (assuming no de novo mutations). This
is difficult to define for complex phenotypes affected by multiple genetic loci and other factors, but for single
gene/locus phenotypes, dominant, recessive and additive modes of inheritance can be well defined and modelled.
Dominant genetic effects on phenotype are those which require only one risk allele to modify phenotype (i.e.
inherited from either or both parents), recessive effects require the risk allele to be present on both chromosomes
(i.e. inherited from both parents) and additive effects see the presence of each risk allele modifying phenotype or
some function of the phenotype additively. Dominant and recessive mapping functions can be specified with the
previous equations by re-coding genotypes to 0 and 1 according to whether or not a single or two risk alleles are
present. For recessive models, genotypes 0 and 1 are both recoded to zero and genotype 2 is recoded to 1, where
as for dominant models, genotypes 1 and 2 are recoded as 1 and genotype 0 remains the same.

Genotype to phenotype mapping functions are widely used throughout studies of phenotype and in table 2 we
describe the main classes of functions. These examples belong to the class of Generalised Linear Models (GLMs)
where in each case h(.) is a function of E(Y") (where Y the phenotype is considered to be a random variable and
y is an observed value of the random variable). For linear mapping functions, h(E(Y")) = E(Y") and for logistic

mapping functions, h(E(Y)) = log {%}. Note that some analyses do not use a function f(-) at all and
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merely seek to establish whether an informative map exists. A prominent example is in genome-wide association
studies, where chi-squared contingency tables that test for independence between variants at a genetic locus g
and case/control status (i.e. y € (“diseased”, “non-diseased”)) are often used to measure associations between
genotype and phenotype [6]. In a similar way genetic interactions influencing a disease phenotype can be tested
without the use of mapping functions or models; under the assumption that there is no interaction between a pair
of loci (or higher order interactions) the probabilities of observing a disease phenotype given the genotypes at
both loci decomposes as a product of the appropriate probabilities. Hence a chi-squared contingency table can be
constructed in a similar way.

FUNCTION CLASS  FUNCTION DESCRIPTION
Linear functions E(Y)=a+ g Single marker model
EY)=a+>", Bigi Multi-marker model
EY)=a+>", 019+ > iz Bii9i9) Pairwise interaction model
Logistic functions log (1%}27;21)) =a+ (g Single marker model
log (13(13(/;21)) =a+3" Bigi Multi-marker model
log % =a+ 300 Bigi + 30,2, 01919 Pairwise interaction model

Table 2: Examples of commonly used mapping funcions for continuous and binary phenotypes. Linear functions
map quantitative traits furthermore if errors are normally distributed these are ordinary linear regression models.
Logistic functions map categorical phenotypes including disease case-control status. Both of these are examples
of GLMs.

Most functions including those described in table 2 are based on minimal biological knowledge, though there are
exceptions (see Figure 3.1). Much of systems biology can be seen as attempts to create genotype to phenotype
functions based on functional knowledge. Ideally, one should take a standard genome with a standard model of
the organism and predict the result of a change in the genome. This approach whilst ideal, in practise is severely
restricted by the lack of biological understanding about processes. For example it was only relatively recently
that RNA interference was discovered as a mechanism contributing to gene regulation. Integrative approaches
may well help in this regard, providing further knowledge to predict models that might be useful/appropriate
for representing complex systems. However with current data precision and resolution such approaches are also
limited. It could be that increasingly ambitious modelling could reveal hidden components and lead to fundamental
discoveries. If this will be the case remains to be seen, particularly since simple models (even if they are wrong)
are often preferable for biological interpretation.

3.2 Networks

The concept of network is extremely general; it is a set of objects with a set of relationships. Relationships can
also be a set of objects and both these objects and relationships can be labelled. Thus the ubiquity of networks is
not surprising, but can they describe everything?

In most cases, networks can be described using graphs which have a precise mathematical definition in terms of a
set of (labelled nodes) and a set of edges (specified by pairs of nodes). Edges can also be directed or undirected.

3.2.1 Biological Networks

A biological network is a network used to describe some kind of biological system, for example, a cell the size of
E.coli with ~ 10°-10'° molecules might be represented by a network with say 103-10* nodes and edges labelled
using molecular data. Modelling human biological systems involves additional levels of complexity; each cell has
approximately 10'3 atoms and there are ~ 10'3 cells, furthermore a full dynamic description at an atomic level
requires == 10'° time steps per second, hence a complete description of the human system is of order ~ 10*!
atomic positions per second. Human systems are decomposed according to different tissues, cells and processes
yet even these subsystems are (at most) represented by networks involving 103 — 10 nodes and edges. The
reduction of at least 36 orders of magnitude is founded on substantial molecular and temporal approximations:
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1. Molecular Approximations:

e Biomolecules represented by their observed abundance e.g. a gene represented by its observed mRNA
expression level.

e Nodes (labelled with genes for example) considered ‘on’ or ‘off’.
e Physical interactions between molecules considered to be ‘present’ or ‘absent’.

e Many molecules excluded, either because they are unobserved or not considered important to the
system being modelled.

2. Temporal Approximations:

¢ Single snap shot observations of data to construct networks representative of a system at a single point
in time (usually assumed to be in a steady state).

e Dynamical systems approximated by a few charateristics such as rate parameters in a system of ordi-
nary or stochastic differential equations.

e Dynamical systems approximated according to obervations at a discrete set of time points appropri-
ately chosen according to the time scale of the system of study.

It is not surprising therefore that resulting networks can rarely be representative of a complete physical
system. Network approximations are further limited by the type and precision of data used to construct
them. Often (particularly with measurements of proteins, transcripts and metabolites), the target is mea-
sured indirectly and subject to multiple sources of noise as described in section 2. How valid and network
approximations and data measurements are will only be revealed as increasingly ambitious attempts are
made to simulate and accurately characterise simple dynamical systems.

There are four well established types of biological network (N1-N4) which aim to approximate the processes
determining function and phenotype at a cellular level.

N1 Protein Interaction Networks - Nodes are labelled with proteins and edges are representative of a physical
interaction.

N2 Signal Transduction Networks - Nodes are labelled with signals, e.g. hormones, proteins and edges represent
biochemical processes by which the signals are transferred and converted to other signalling molecules.
Since the processes occur in sequence the resulting networks are often referred to as cascades.

Figure 3 Mapping the Genome to the Phenome. This mapping can incorporate standard genetic concepts but still

not assume anything about the underlying mechanism (“Zero knowledge™). Or it can incorporate some external

functional information such as which regions of the genome to consider, as in candidate gene studies, or by

weighting interactions according to external knowledge, as in protein networks (“Mapping with knowledge”).

In the presence of complete models of either an individual or a subsystem, where phenotypic consequences are

predictable, much more complex genotype to phenotype functions would be possible (“Model-based mapping”).
Environment

Epigenetics (E)

""Zero''-knowledge mapping: Q
dominant, recessive, interactions, penetrance,

QTL....

Mapping with knowledge:
weighting interactions according to co—occurrence
in pathways

Model—-based mapping:
genome == system == phenotype

Genome (G) Phenome (F)
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N3 Gene/Transcription Regulatory Networks - Nodes are labelled with gene transcripts and in some cases
known transcription factors. Edges are representative of transcription regulatory mechanisms for example
transcription factor binding.

N4 Metabolic Pathways - Nodes are labelled with metabolites and edges represent chemical reactions. Since
many reactions require catalysis by additional molecules (such as enzymes), edges may involve more than
two nodes thereby creating a hypergraph.

Notably, in each of these types, nodes generally represent the same type of biomolecule or at most feature two
types of molecules (for example gene transcripts and transcription factors). With the increasing availability of
different high-throughput data types, integrated biological networks are becoming increasingly reported, where
nodes are labelled with any kind of biomolecule and edges again labelled with the processes by which they are
related.

The strategies used to reconstruct biological networks vary according to the existing biological knowledge and
data upon which they are founded. They can be classified into three categories accordingly:

1. Theoretical Modelling: This approach is based on existing biological knowledge (perhaps obtained via
literature searches) and chemical/ physical laws (such as the law of mass action). No data in its raw form is
used. This approach is successful for dynamic modelling of signalling pathways, transcriptional regulatory
networks and metabolic pathways. It can also be used to make predictions of protein-protein interactions on
the basis of the properties of the proteins rather than observations of physical interactions.

2. Physical Interaction Modelling: The nodes and edges of these networks are defined by the data. Edges are
inserted between two nodes if they are observed to physically interact. This approach is usually only used
to reconstruct static protein-protein interaction networks.

3. Statistical Modelling: This approach uses observations of data at the nodes of a network to infer edges.
There are a range of statistical techniques which can be used to infer networks at a single snap shot in
time or dynamic networks over a range of time points. This approach can be effective for both small and
large data sets. In addition, statistical modelling can also be used in conjunction with theoretical models to
provide a more detailed description of a system. For example, data could be used to infer rate parameters of
a metabolic reaction.

We continue to describe the concepts and techniques used in theoretical and statistical modelling since these are
used for the interpretation of global variation data sets.

3.2.2 Theoretical Network Models

The major cellular networks (N1-N4) are physical-chemical systems that can be characterized to a high degree
based on a physical description collated from biological knowledge. Theoretical modelling strategies make sub-
stantial reductions to summarise these descriptions. Static protein interaction networks are usually reconstructed
using physical interaction modelling approaches but the remaining three classes (signalling pathways, transcrip-
tional regulatory networks and metabolic pathways) have a temporal component. Although they are more compli-
cated to model theoretically and experimentally they can provide a more accurate representation of a true system.

Dynamic models can be classified according to three main criteria. Firstly, a model can be deterministic or
stochastic. Systems involving very large number of molecules (> 10%) are often modelled using deterministic
models, while stochastic treatment becomes necessary for networks based on a smaller number of molecules.
Secondly, a model can allow for spatial heterogeneity or it can assume spatial homogeneity. Spatial homogeneity
is conceptually and computationally attractive but simple spatial models can be constructed by decomposing
space into a few disjoint compartments. Thirdly, a model can be discrete or continuous in time and this affects the
characterisation of the state space the models.

Metabolic pathways have by far the longest history of modelling and the classic models like Michaelis-Menten
are almost a century old. Metabolic Pathways are almost always modelled deterministically by ordinary differ-
ential equations (ODEs). Modelling individual reactions is very challenging in itself and parametricising a single
reaction is difficult [28]. Going from single reactions to a complete metabolic pathway is a difficult task and
there are a series of approximate approaches which have been been developed to reduce the complexity of the
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problem. Savageau [112] in a series of papers starting in the late 60s used ODEs with terms only having powers
of concentrations to analyse smaller pathways. Metabolic Control Analysis (MCA) was developed early 1970 by
Heinrich, Small, Kacser and Burns. MCA uses linear approximations around an equilibrium point to explore the
consequences of changes in substrates and enzymes. Flux Analysis has been pursued by a variety of authors and
completely ignores the kinetics of reactions and only describes the metabolic capabilities of a network in terms
of the stochiometry of the underlying reactions. This is clearly a serious simplification but has been useful in
describing the metabolism of different bacteria.

Signal Transduction Pathways can be modelled by both stochastic and deterministic models. Their overall dy-
namic behaviour still have not been clarified and especially the overlap between different networks seem enig-
matic.

Regulatory Networks are the focus of much current research. The earliest models goes back to the early 1960
just after the operon model had been proposed by Jacob ef al. [64]. A variety of models were proposed including
systems of ODEs and Boolean networks, but progress was hampered by lack of appropriate data. Expression data,
although noisy, has clearly induced an insurgence in modelling and inference. One major innovation has been
stochastic modelling. Regulatory networks which involve only a few molecules can be modelled stochastically
[139].

3.2.3 Statistical Network Models

In instances when edges are not explicitly defined by data, often statistical models are used to infer them. Networks
inferred using statistical modelling aim to provide insight to biological network characterised by biomolecules and
their interactions, but the nodes and edges of a network inferred statistically have different labels. Nodes are con-
sidered random variables (e.g. the concentration of a molecule could be considered as a continuous random vari-
able where as a genotype or CNV could be considered a discrete random variable) and edges reflect dependence
between nodes rather than functional biological relationships.

There are several important statistical principles and frameworks which are commonly used to infer statistical
networks from biological data. We describe them below:

1. Correlation: Intuitively, two quantities or variables are independent if knowledge of one variable tells you
nothing about the other, and they are often said to be correlated if they are not independent. Correlation
can be estimated using a correlation coefficient which takes values in the range (-1,1); it quantifies the
strength and direction of the linear relationship between two variables. A quantity X is perfectly correlated
with itself, hence the pair (X, X) has correlation coefficient 1 and (—X, X') has correlation coefficient -1.
Correlation coefficients between biological quantities can be estimated from observed data and presented in
a correlation matrix where the entry in the ith row and jth column is the correlation between quantity i and
quantity j. Correlation matrices can be used to construct undirected networks (e.g. co-expression networks),
either by placing an edge between two nodes if their estimated correlation exceeds a threshold or by using
a soft mapping. The latter approach weights edges according to the strength of correlation.

2. Conditional Independence and Partial Correlation: Correlations are a very naive way of looking at re-
lationships between variables and can be misleading particularly because they do not reflect non-linear
relationships and many correlations can be observed by chance or confounded by other variables. A more
reliable measure for assessing evidence of dependence between variables is partial correlation. We demon-
strate these concepts with the following example. Suppose the expression of gene D and E are correlated
but only because they are regulated by the same transcription factor C (figure 4 (a). Given the activity level
of this transcription factor, the expression of gene D and E are independent. In this instance, genes D and E
are said to be conditionally independent given C or equivalently, the partial correlation of D and E given C
is zero. More generally, C could consist of multiple variables giving rise to higher order partial correlations.

3. Dependence Graphs: Complex dependence structures between variables can be represented by dependence
graphs. They are undirected and can be constructed on the basis of partial correlations between variables.
An edge is placed between two nodes in the graph if their partial correlation given all the other nodes in the
graph is non-zero. Estimated correlations and partial correlations from data can be used to construct a graph
and dependence structures can be easily extracted from the graph. Correlation and partial correlation alone
cannot be used to infer causality and directed networks, particularly when inferred from static biological
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data from the same source. For example gene networks constructed from static gene expressed data are
usually undirected. Without additional information such as known transcription factors, genetic data or
additional time series data, it is rare that statements are made about the direction of relationships. However
in some circumstances it is possible to define a set of directed graphs which are consitent with the observed
dependence structures (see below and figure 6).

4. Directed Graphs and Causality: Adding directions to network edges provides a way of representing causal-
ity. A directed edge from node A to node B represents the fact that A influences B. For example SNP
A might affect the expression of gene B. Directed edges can sometimes be inferred between nodes from
different sources of data or by exploiting the flow of information which starts at DNA [143], alternatively,
direction and causality can be inferred with the temporal data at a suitable resolution. Without temporal or
other information, a set of directed graphs can also be derived which are consistent with the dependence
graph. For large networks there may be many of these thereby making validation and interpretation diffi-
cult. Directed Acyclic Graphs (DAGS) are directed graphs which do not contain any loops. This additional
property makes them particularly efficient and easy to work with.

5. Dynamic Bayesian Networks: Biological systems often contain feedback loops and complete cycles which
are forbidden in DAGs. However, these can be modelled using Dynamic Bayesian Networks; They are a
special type of DAG with a series of temporal levels where each node features at each time point in the
network. Edges are directed forwards in time enabling feedback loops and cycles inherent in the biological
systems to be incorporated without creating direct cycles in the graph. Hence, the efficient model fitting of
DAGs can be exploited and to infer networks which can be more readily interpreted biologically.

Figure 4 (a) A network which represents a simple gene regulatory mechanism without feedback loops. Each
node represents a gene; Genes A and B directly regulate gene C which simultaneously regulates genes D and E.
(b) A co-expression graph which might be inferred from static transcript abundance data observed from system
(a) on the basis of estimated pairwise correlations. (¢) A dependence graph which might be inferred from static
transcript abundance data observed from system (a) on the basis of partial correlation. Notice that the topology of
this network closely resembles the topology of (a).
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These principles are illustrated by figures 4 and 5. In figure 4 the distinction between a correlation based network
and a partial correlation based network is illustrated with reference to a simple acylic gene regulatory mechanism.
Notice that the correlation network is nearly complete (with only the link between gene A and B missing); if
there is a way of getting from one node to another following the directed arrows (possibly via another node)
then these variables will appear correlated. Correlation based networks might be able to identify a module of
co-regulated genes amongst a larger set but do not in general reflect the nature of the dependence structure. A
dependence graph provides more information regarding structure. In particular the topology of the dependence
graph and the mechanism differ only by one edge and hence can be more readily interpreted biologically (see the
following subsection). The additional edge between gene A and B is present since the activity of gene A is not
conditionally independent of B given C. For an extreme example suppose C = A + B, then given C and B, A is
completely determined hence cannot be conditionally independent of B. For a more technical explanation of how
dependence graphs can be extracted from directed graphs, see Lauritzen [80]. In figure 5 we illustrate a more
complex regulatory mechanism involving the same set of genes with feedback loops. By replicating the nodes of
the graph at multiple time points feed back loops can be modelled without creating directed cycles in the graph.
This modelling strategy is however dependent upon the availability of temporal data.



Figure 5 (a) A gene regulatory mechanism with a feedback loop. The system is as in figure 4 (a) with two
additional feed back loops; Gene D regulates gene A and gene E regulates gene B () An example of how (a) can
be represented with a directed acyclic graph and hence modelled using dynamic Bayesian networks
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3.2.4 Biological Interpretation of Networks Inferred Statistically

Biological interpretation of an inferred network is paramount, but it is a difficult task, particularly with respect to
causal interpretations. Biologically implausible relationships are usually excluded prior to network inference, but
there may be multiple biological explanations consistent with an inferred statistical network. Further ambiguities
can arise when several statistical networks explain biological data equally well. The ability to reconstruct an in-
formative biological network from statistical data relies on the topology of the statistical network and the physical
system to be similar, but plausible biological explanations must be explored before a biological network can be
constructed. For example, the regulatory gene mechanism described in figure 4(a) could be represented by the
dependence graph (figure 4(c)) but there are three possible directed acyclic graphs consisent with this dependence
structure as illustrated by figure 6, each of which could have different causal and biological interpretations.

Figure 6 The set of DAGs which are consitent with the dependence graph (figure 4 (c))

Chate

Causal hypotheses can be explored by observing perturbations of a system. Comparing predictions with obser-
vations of the effects of a perturbation on a system might support or validate an existing hypothesis. There are
obvious limitations to this approach in human systems but it is widely used in model organisms and cell lines
reference section on model organisms. For example, models (a), (b) and (c) in figure 4 could be distiguished by
systematic perturbations of genes A, B and C.

Edges in statistical networks represent dependence structures and possible hypotheses surrounding the etiology
of disease phenotype. A biological network representing the same system might share a similar topology, but
the edges would represent physical processes. For example, in figure 4(a), genes A and B might encode distinct
transcription factors which bind upstream of gene C to initiate its transcription. Consideration should also be
given to the interpretation of nodes in a graph. For example in many instances (and in figures 4 and 5) a node is
often labelled with a gene and represented soley by mRNA transcript abundance however, biologically perhaps
this node should be decomposed with genetic, transcript and protein components such that an integrated network
can be constructed relating these units. Such a decomposition would require multiple data sources and computa-
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tionally intensive statistical methodolgy but the resulting networks could potentially be more readily interpreted
biologically and useful to suggest putative causal mechanisms.

3.3 Genealogical Relationships

Genomic variation can be observed at three levels:
1. Across cells within an individual: All cells in an individual are related by an ontogenic tree.

2. Across individuals within a population: All individuals in a population are related by a pedigree. In most
cases, the pedigree relating individuals of a population is not of primary interest but rather how genomes
are related. This information can be represented by an ancestral recombination graph (ARG).

3. Across species: Species are related by a phylogeny - at times with some loops due to hybridization or
horizontal transfer.

Thus, the relationship between any set of cells can be traced through appropriate genealogical histories. Consider
for example, a cell sampled from the nose tip of a mouse and a cell sampled from the toe of a human. These cells
could be traced back to the zygote starting the individuals in 20-40 cell duplications. The individuals and their
genomes can be traced back in pedigrees and ancestral graphs in 104-107 generations or 10°-10° years and finally
the species could be traced back in an phylogeny in 10® years or 107-10° generations.

Full genomic sequencing efforts initially targeted genomes at the species level, particularly those known with
many genomic differences. Population genomic variation followed and is currently typically observed at a subset
of markers in the genome rather than in its entirety. Finally there is genomic variation observed at a cellular level
where relatively few differences are expected between cells sampled from the same individual. In the mouse-
human example, there would roughly be a difference every 50 nucleotides between the species genomes, one dif-
ference in every 1000 nucleotides in two population genomes and possibly a difference every 107-10% nucleotides
for cellular genomes.

Species and individual variation contribute rich source of information which can be of central use in integrative
genomics. For example, population based studies can exploit the genealogy relating individuals and similarly,
comparative studies can exploit differences between species. However, despite the fact that most current high
throughput technologies make observations on cellular quantities, cellular relationships within an individual are
rarely explicitly used.

The three categories of evolution described in this section provide different sources of information. Genomes
change at the species level is ideal for measuring rates and selection. Genomes at the population level have
correlations (linkage disequilibrium) along it sequences making genetic mapping possible. At present, genome
differences at the cell level contributes less than the other categories. Expression data often comes from an col-
lection of cells, but the variation in mRNA levels in those cell reflect differences in state rather than differences in
genetic material. At other levels such as regulatory or protein networks, shape and behaviour etc, the evolutionary
models are less well developed as the data available is much poorer than for genomes.

3.3.1 Genealogies relating cells in an individual

An individual consists of a large number of cells that has been created by a series of duplication that can be traced
back to the zygote. For humans this is about 1014 cells corresponding to ~ 45 generations. The relationship of
all cells in an individual can thus be described by a traditional phylogeny. Traditionally cells of an individual
have been viewed as genetically identical (with few exceptions such as cells involved in immune response, egg
and sperm cells), but a cell and its duplicated offspring can differ in several heritable properties: Chromosome re-
arrangements, CG-methylation, microsatellite repeat numbers. Thus knowing the genomic sequence for all cells
would allow the recovery of the cell phylogeny at high degree of certainty [44, 135]. Although for instance 50
events/cell replication could be a high estimate (for this purpose optimistic), the large number of cells descending
from a given ancestor could guarantee that the phylogenetically necessary variation always was available. Le. if
somatic mutation rate is low, this could be compensated for by more sequencing. Only few studies have been
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undertaken of cell phylogenies, but this will change. In contrast, cancers have been studied extensively due to the
intense interest in this disease and fast chromosomal evolution in cancer cells.

3.3.2 Genealogies relating individuals of a population

A pedigree can be used to describe how individuals are related and is defined by assigning parents to individuals.
The pedigree for a typical current individual is generally known 3-4 generations back in time. There are famous
cases where pedigrees are defined for many more generations back in time like for instance the Icelandic pedigree
[58] going 12 generations back and involving almost half a million individuals. How much pedigree information
can be inferred given full knowledge of all genomes (if this was possible) remains an open question. The number
of ancestors to an individual grows almost expontially as a function of generations back in time, however the
total amount genetic material ancestral to an individual remains constant. This is a result of recombination events
(at least one per generation in the formation of germ cells) which breaks up genetic material into segments; the
number of segments of ancestral material grows, but most ancestors further back in time do not contribute genetic
material to a specific individual. Consequently, pedigree information far back in time will be of little genetic
relevance.

The genealogical structure necessary to describe the history of genomes is the Ancestral Recombination Graph
(ARG). This is a generalisation of the classical phylogeny that also traces recombination events, where a sequence
has a mother and father sequence (although not gender labelled) carrying ancestral material to the left and the
right of the recombination point. An ARG can in principle be embedded in a pedigree, since sequences are clearly
found in individuals but in most instances, in this context, the individuals are ignored.

Treating individuals in a study as independent ignores the genetic dependence which is inherent between any
set of individuals. Failing to account for this dependence can confound detection of genetic factors influencing
phenotype [101].

Even in instances where relatedness of individuals is partially known, such as with family studies, it does not fully
describe the ancestry of genetic material. This requires detailed modelling of both recombination and coalescent
events. This is usually done using stochastic processes [69, 60] and defining a probability measure on genealogical
structures.

3.3.3 Genealogies relating species

There are in excess of 107 known species. Genomes evolves by a series of biochemical events like substitutions,
insertions, deletions, duplications, inversions, transpositions and translocations that occur with characteristic rates.
The effective rates observed when comparing genomes from different species will then be increased or decreased
if these events have an influence on fitness. There is certain time homogeneity of closely related species at three
levels: 1) genomes will have a similar content and individual regions can be compared and 2) the basic rates and
nature of evolution is also similar, so observing evolutionary change, which by definition will have been at another
time point, can be treated as if it had happened in the species of interest and finally 3) phenotypes of species will
also be similar making interpretation of genomic change realistic.

The main contributions of genome evolution can be considered in three categories: (1) the observation of basic
rates of events, (2) the identification of regions under selection and (3) the functional interpretation of the actual
content of the genome in terms of molecular mechanism. Basic rates of evolutionary events (such as mutation
or recombination) are of intrinsic value in understanding the mechanism of organismal change. The strength
and direction of selection are of great interest since it can be a consequence of genome function. Regions under
negative (also termed purifying) selection evolve at a decreased rate relative to neutrality. They are of interest
because they can be indicative of genome function, which has substantial effect on fitness. Conversely, regions
under positive selection experience an increased rate of evolution relative to neutrality. Although they are less
prevelant than negatively selected regions, they are also of great interest to study since they can be indicative of
functional regions which adapt to environment.

22



3.4 Knowledge

Without exception, all studies of global biological variation exploit existing knowledge to some degree and yet
defining what consistutes ‘knowledge’ is difficult; i.e. how do you know when you know something? Coupling
knowledge with a measure of uncertainty provides one way of resolving this question although defining this mea-
sure of uncertainty is also non-trivial. The Bayesian framework provides the structure to coherently incorporate
uncertainty about knowledge into a model by representing it using a probability distribution. This probability
distribution can then be updated given observed data and where necessary averaged over to make statements about
a quantity of interest.

In any given study, there is usually a set of things which are assumed to be true (with probability 1). These are
usually experimentally tested and validated by multiple researchers independently and generally accepted by the
scientific community to be facts. They vary according to the study but usually strongly influence study design and
data collection (table 3), with some also providing the foundations for model construction and analysis.

DATA/MODEL KNOWLEDGE

Genetic Markers A set of informative loci which vary in a population, and where these
markers are located in the genome

Gene Expression Annotation of the genome with genes and transcripts which can be
mapped to these genes

Exon Expression Annotation of the genome with introns and exons of genes and tran-
scripts which can be mapped to these locations

Protein-DNA Binding Protein specific antibody or antigen. Map of entire genome for tiling

array design.
Protein/metabolite ~ abun- Molecular composition of targets and their mass.
dances

Table 3: Some examples where biological knowledge is used in study design and data collection

In particular, the other concepts described in this section are also founded on biological knowledge that is ac-
cepted to be true; the central dogma underpins the concept of a mapping from genotype to phenotype, knowledge
of biomolecules which physically interact motivate development of network models, and knowledge about evolu-
tionary processes motivates the use of genealogies. Furthermore as we go on to describe, knowledge that there are
unobserved structures present in data (all types but particularly sequence data) motivates development of models
to infer these unobserved states.

More specialised levels of knowledge are also used in many studies, but these are usually used to build a model
or set of models to analyse data or are used in the interpretation of results. They might also be considered
facts or assigned a degree of uncertainty (assigning priors in a Bayesian framework or weights). For example
in a network model, there might be a core set of nodes and edges which are fixed according to experimentally
validated interactions. In models of genotype to phenotype mapping there might be the assumptions made about
how a genetic variant influences disease risk. Even if knowledge is not used in the model development, knowledge
is almost always used to add biological context to statistical findings.

This level of knowledge is usually ascertained via literature documenting previous experiments and observations
of biological systems. The increasing numbers of studies of biological variation, necessitates the development of
a consistent representation of knowledge and tools such that it can be efficiently exchanged between researchers.
There are several tools for cataloguing and collating knowledge (K1-4) and they are important to facilitate the
refinement of modelling techniques and improve understanding of biological processes. Furthermore, since follow
up studies are costly, it is important to effectively utilise existing knowledge to minimise the number of false
positive findings which are further investigated.

K1 Ontologies and Databases: Ontologies are structured databases which aim to provide a consensus vocabu-
lary for knowledge exchange. The most famous example is Gene Ontology (GO) which aims to describe
gene function. They are typically organised as a tree or DAG reflecting natural nested structure of terms
[11, 7, 48]. Other databases also exist with differing levels of structure
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K2 Systems Biology markup languages: These provide a set of conventions for how to formulate models to be
exchanged and allowing computer parsing. It is based on a more general set of conventions called eXtensible
Markup Language (XML). First versions were publically available in 2003 and have since seen version 2.0
with extended flexibility. At present it is directed towards cellular biochemical models and does not place
restrictions on the language in which the model is formulated (such as MatLab or MATHEMATICA).

K3 Process Algebras: These are disciplines of formal computer science which are devoted to the description and
analyses of processes. Examples include p-calculus, lambda calculus, PEPA and Petri Nets. Although they
are founded on theory, process algebras have many biologically realistic properties such as allowing process
interaction and refinement of descriptions. In particular, Calder et al. [15] and Phillips and Cardelli [97] use
process algebras for automating ordinary differential equation models for simple biological systems. Poten-
tially they could become a very powerful tool for systems biology although they currently lack flexibility
to incorporate several continuous features necessary in biological models, such as space and concentration
[16, 5,98, 3, 77].

K4 Text Mining Methods: These are automated techniques which extract information in a coarse manner from
large bodies of text which could not be read by a single researcher. They are based on the simple underlying
principle that words in articles can be tabulated according to frequency, contextuality, combinations, infor-
mation content and more. This very efficiently allows linking genes with genes, biological objects with sets
of properties and much more. The widespread use of text mining shows that in the large body of articles in-
formation is encoded in a way that is not detectable by simple sequential reading of a smaller set of articles.
Text mining is progressing fast and with the increased use of ontologies and associated well-defined terms,
text mining will increasingly acquire abilities closer to traditional reading [105].

3.5 Hidden Structures

It is very fundamental aspect of biology that one can observe certain quantities that are a function of something
that cannot be observed. This is inherent in statistical modelling where there is often a hidden model that generates
observables and we try to make statements about the hidden model. The last two decades have seen this taken
a step further in the statistical model itself have been split into a hidden part that influence a part that generates
the observables. It is a very general principle inherent in the way inference is done in biology. The most famous
example is the class of hidden Markov models that now are ubiquitous and have very widespread applications
in the biosciences. Other examples include stochastic context-free grammars and Kalman filters which also have
biological applications (table 4).

There are two major classes of models:

1. Hidden strings describing the generation of observed strings: The most famous example is the Chomsky
liguistic heirarchy [23] of grammars. A grammar is a finite set of rules which generate words or sentences
in a language. They were originally deterministic and used to define which strings of letters belong to a
language and which do not. If rules are assigned probabilities, then strings will be generated from the rules
with different probabilities and the grammars are stochastic. There might be multiple ways to generate the
same observed string; in this case, the probability of an observed string is the sum over all possible ways it
can be generated. If there is only one series of rule applications, then it is simple to assign a probability. The
hidden structure behind a string of letters is the series of rules used to generate it and this can be represented
by another string of characters.

The bottom two layers in Chomsky’s hierarchy of grammars i.e. regular and context-free are widely used
in biology. Typically their stochastic versions (hidden Markov models (HMMs) and stochastic context free
grammars (SCFGs) respectively) are used as hidden models for biological sequences (of DNA or RNA for
example). HMMs have an enormous versatility. Major modelling areas in sequence analysis include gene
structures, protein secondary structures, signals and alignment. Stochastic context-free grammars have
especially been used to model RNA structures.

2. Hidden Processes: These have been used by for instance Lawrence, Rattray and colleagues, where a hidden
Gaussian Process was used to model fluctuations in a transcription factor that influenced the activity of 5
gene products that could be observed. This was a very natural formulation that should be extended to more
general settings and other cellular processes.
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DOMAIN OBSERVED HIDDEN REFERENCE

Haplotypes on a pedigree Haplotypes Inheritance Lander and Green
[78]

Isochores in Genomes Sequences Isochores Churchill [24]

Sequence Alignment Sequences Alignment Krogh et al. [74]

RNA Structure Sequences Structure Sakakibara et al.
[109]

Protein Secondary Structure = Sequences SS Goldman et al. [49]

(88)
SS relationships

Protein Genes
Rate Variation

Hidden Dynamic Processes

Sequences and SS

A Genome

Homologous sequences

RNA levels

SS Interactions
Gene structure
Fast/slow regions

Transcription factor

Abe and Mamitsuka
[2]

Burge and Karlin
[14]

Felsenstein and
Churchill [40]
Lawrence et al. [81]

Table 4: Examples of where models of hidden structures are applied in biology; Their observables, hidden states

and references.

Several of the above applications have natural comparative extensions. Goldman et al. [49] and Felsenstein and
Churchill [40] are already comparative, while Burge and Karlin [14], Sakakibara et al. [109] was made compara-
tive in Pedersen and Hein [96] and Knudsen and Hein [72] respectively. Churchill [24], Abe and Mamitsuka [2]
and Lawrence et al. [81] could be combined with models of evolution to make comparative extensions with great

benefit.

Modelling via hidden elements is very natural and will most likely grow tremendously in the future. The appli-
cations so far are very simple, where the hidden element is unambiguous. It is easy to imagine more complex
models, such as more interacting cellular components or a large set of possible networks relating the observables.
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4 Analyses

We group analyses according to types of data they incorporate starting from analyses of single sources of data
(i.e. any one of G, T, P, M, E, F) ranging through increasingly integrative approaches which include data from
non-singleton subsets of {G, T, P, M, E, F}. The data types coupled with concepts provide the foundation of
analyses and table 5 summarises the analyses we discuss in this section according to the data types and concepts
upon which they are founded. Since widespread genome-wide sources of data from P, M and E only recently
became feasible for such studies, analysis with some subsets are rarely performed and we restrict our discussion
to the most prominent analytical techniques.

ANALYSIS DATA CONCEPTS OuTPUT
Genome Annotation Full sequence data (G) Biological Knowledge Predicted annotation of
Multiple Species Hidden Structures genes, signals, structure and
Genealogies function.
Population Genetics Genetic  markers (G) Biological Knowledge Linkage  Diseequilibrium
across individuals Genealogies Blocks, Population Struc-
ture, Inferred Ancestries,
Rates of DNA Mutation and
recombinaton, selection.
Clustering molecular Molecular abundances Minimal Knowledge Modules of co-regulated/co-
features ), P), M) expressed genes or
molecules
Molecular Network Molecular abundances Biological Knowledge Networks of genes, metabo-
Analysis (T), (P), M) Networks lites or proteins
Association Mapping Genetic marker data (G) Biological Knowledge Genetic Markers or regions
Phenotype (F) Genealogies in genome which associate

Differential Analysis of
Molecular Abundances

Molecular Quantitative
Trait Analyses

Regulatory Analysis

Integrated Analyses
(comparative based)

Integrated Analyses (si-
multaneous)

Molecular abundances

(T) (P) (M)
Phenotype (F)
Genetic  markers (G)
Molecular abundances
(D), (P), M)
Genetic  Markers  (G)

Molecular abundances
(D) (P) (M)

Genetic  markers  (G)
Molecular abundances
(T), (P), (M) Phenotype
F

G, T,M,P,F

G — F mapping
Minimal Knowledge

Biological Knowledge
G — F mapping

Biological Knowledge,
G — F mapping Networks

Biological Knowledge
G — F mapping

Biological Knowledge
G — F mapping
Networks,

Hidden Structures

with a phenotype

Molecules present at differ-
ential levels under different
conditions i.e. Biomarkers.
Genetic Markers or regions
in the genome associated
with molecular abundances
Directed networks of genes
and molecules according to
how they interact and are
regulated.

Overlapping genetic asso-
ciations, Candidate Genes,
Putative causal mechanisms

Integrated networks, pu-
tative causal mechanisms,
candidate genes

Table 5: A summary of analyses we discuss; the data and concepts they use and their output

4.1 Analysis of single sources of data

4.1.1 Species Level Genomic Variation Data; (G)

The genome of any (metazoan) organism is highly structured and encodes protein coding genes, RNA secondary
structure and many regulatory signals. Predicting which nucleotides of the genome encode these features is termed
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genome annotation and provides a crucial stepping stone towards understanding an organism. While some anno-
tation is the result of functional experiments involving specific molecules, an increasing source of annotation is
derived by making comparisons within and between genomes of a variety of species.

The analysis of the genomic sequence data of a single organism was introduced when sequencing first appeared.
Protein genes, RNA genes and signals have distinct characteristics which enable them to be studied in a single
genome. More specifically, the triple periodicity of genetic code, base pairing in RNA and physical characteristics
of promoters provide the basis of many predictive models. The first successful human genome gene finder was
developed in 1997 [14] with no reference to other genomes (since there were no other eukaryotes sequenced).

The simultaneous analysis of genomes from multiple organisms (comparative genomics) has emerged over the
past decade and the domain of its application is increasingly expanding due to the large number of sequenced
genomes [99]. The observation of conserved regions and other common features in the genomes can be used to
make statements and predictions about selection, gene structure, RNA secondary structure and signals. Of these,
selection is notable since the observation of different kinds of selection contributes tremendously to the “needle in
haystack problem” of finding functionally important regions.

Many of the models developed to predict nucleotide function (for both single and multiple genome analyses)
exploit two tier stochastic modelling: (1) a model of the distribution of the structure in question (e.g. gene
structure) without knowledge of the nucleotide sequences, and (2) a model of sequence evolution conditional on
the structure. For instance, a nucleotide will typically evolve slower in a coding region than in a non-coding region.
Such techniques have successfully been applied with mammalian genomes, to annotate protein coding genes [14]
and RNA secondary structure (e.g SCFGs, [72]). The two tier system can also be applied to annotate regulatory
motifs. However, due to their short length, faster rate of insertion/deletion and the lack of simple characterising
features it remains a challenge [110] and a subject of intense research.

Out of the main features encoded in the genome (protein coding genes, RNA structure, regulatory signals), protein
coding genes are the most comprehensively annotated for the human genome. At present there are approximately
24,500 identified human genes, a large proportion of which are alternatively spliced. The discovery of RNA
genes (i.e. those which do not code for protein) has been one of the greatest surprises of the last decade, firstly
in their abundance and secondly with their large number of unexpected functions. The exact number and exact
functions have been much harder to ascertain than the analogous problem for protein coding genes. Discovery and
annotation of regulatory signals is more challenging than both RNA and protein gene annotation and consequently,
they are the least well annotated of the three features.

Functional annotation is supplementary to that of protein, RNA and signal ‘status’ and is not easily defined with-
out molecular biology and experiments. However, comparative genomics can be used to predict function on the
basis of homology. This is founded on the idea that function can be inferred from known functions in similar
organisms. Ontologies of gene function, although difficult to define, are very useful in creating a common vo-
cabulary for describing genes and biological processes. Furthermore, large international efforts such as HapMap
(http://www.hapmap.org/) and OMIM (http://www.ncbi.nlm.nih.gov/omim/) also catalogue variation at positions
in the genome.

4.1.2 Human Genetic Variation Data; (G)

Human genetic data as described in Section 2.1, especially SNPs, have been studied to elucidate features of
genetic variability. Key to much of the analysis has been the development of coalescent theory [69], which
statistically models the evolutionary history of a sample of individuals described in Section 3.3.2. This model
can incorporate the biological phenomena of mutation, recombination, population demography/structure, and
selection, in principle allowing for estimation of these features. For example, the recent publications of completely
sequenced human diploid genomes suggests two random chromosomes have ~ 3.2 — 3.3 million SNP mutations
between them [82, 138]. The “standard” coalescent model, which assumes randomly-mating individuals and no
selection, tells us we therefore might expect to see ~ 3.2 x log, 6¢? = 72 million locations of the 3 billion basepair
genome sequence to be SNPs in a population of 6 billion humans.

Due to recombination, the expected linkage disequilibrium between SNPs in a sample of individuals (as mea-
sured by the correlation coefficient) decreases exponentially as distance increases, and higher-than-average levels
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of linkage disequilibrium within human populations typically do not extend beyond 1-2Mb [102]. While recom-
bination events are relatively rare, occuring on average once per chromosome per generation, coalescent-based
techniques have been used to show that recombination activity appears to cluster into narrow 1-2kb regions of the
genome known as “hotspots,” such that 80% of genome-wide recombination activity occurs in about 10-20% of
the sequence [91].

It is also clear that genetic data varies detectably amongst human populations from different geographic regions.
In particular the genetic diversity of populations decreases as their geographic distance from Africa increases,
a pattern strongly supportive of a hypothesis that modern humans arose in Africa and spread across the rest of
the world in a series of migration events with accompanying “bottlenecks” that resulted in loss of diversity [65].
Differences in genetic variation can even be detected between geographically close populations such as those in
Europe, for which a recent study has shown that an individuals DNA can be used to predict their geographic
origin to within a few hundred kilometers [93]. Coalescent theory can in principle be used to estimate features of
migratory patterns, though the number of possible scenarios to explore makes this difficult in practice.

Another recent finding has been the discovery of genomic regions showing high levels of conservation that might
implicate selection. Signals of conserved DNA have been found at several loci in human populations, including
the lactase gene and other loci thought to be involved in disease [92]. Comparisons between the three human pop-
ulations of HapMap found evidence of selection in a dozen or so genes, including those involved in morphological
characteristics such as skin pigmentation [133].

4.1.3 Molecular Quantities; (T), (M), (P)

It is rare that molecular quantities are observed without reference to some phenotype or specific context, how-
ever, the data can be analysed without using context or phenotype information. Structure and correlation within
molecular observations of protein, metabolite or mRNA levels can be informative about co-regulation and genetic
interactions. Clustering observations according to similarities they exhibit across samples is a very basic way.
Clusters can be analysed for enriched functional themes using knowledge in existing data bases. Alternatively sta-
tistical networks can be inferred from the data and interpreted biologically to suggest possible modules of genes
or molecules involved in common functionality.

In table 6 we summarise methods for the construction of gene networks from transcript expression data with some
references. Although protein and metabolic networks can also be inferred in a similar way [136], it must be noted
that these networks are distinct from protein interaction networks and metabolic reaction networks. The edges
in the latter are inserted explicitly according to interaction data or by biochemical experiments rather than with
abundance data.
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NETWORK DATA TYPES INTERPRETATION METHODS REFERENCES
TYPE
Co- Expression Groups of genes co-regulated Clustering, Motif discovery Tavazoie et al.
expression Sequence/Ge- and enrichment [125]
Modules nomic
Co- Expression Nodes represent genes, edges are Pairwise empirical correla- Zhang  and
expression present (possibly weighted) be- tions, adjacency functions to  Horvath [141]
Networks tween genes if they are significantly ~ weight edges
co-expressed
Regulatory Expression Nodes represent genes, edges are Classification and regres- Bonneau
Modules Known regu- present between genes and their sion trees (CART), Graphi- et al. [13],
lators regulators if there is evidence of sta-  cal models Segal et al
tistical dependence [117], Ernst
et al. [38]
Probabilistic Expression Nodes represent genes, edges are Gaussian Graphical Models, Schafer and
Regulatory present if genes are statistically de- Bayesian Networks Strimmer
Networks pendent. Not necessarily repre- [116], Fried-
sentative of direct physical interac- man [43]
tions.
Transcriptional Expression Nodes represent transcription fac- Differential Equations, Dy- Ernst et al
Networks Sequence, tors and genes. Edges represent namic Modelling, Gaussian [38], San-
chIP-chip statistical dependence and/or char- Processes, Hidden Markov guinetti et al.
(protein acterised dynamic physical interac- Models [111]
binding) tions

Table 6: Summary of Gene Network inference methods

Clustering and identification of gene modules has been particularly successful for the understanding of genes

involved in various cellular processes particularly when expression is monitored over a time series [36].

4.2 Analysis of phenotype with another source of data

4.2.1 Analysis of phenotype with genetic data; (G+F)

Detecting associations between genetic variants and disease susceptibility or variation in a clinical phenotypic
trait (termed disease/phenotype association mapping) has been a widely popular field for a number of years. It is
founded on the assumption that there is a map from genotype to phenotype (section 3.1).

The techniques used to detect genetic variants associated with phenotype depend on study design and the related-
ness of individuals selected for the study. There are two main types of studies:

1. Linkage mapping studies of families (i.e. pedigree data): Genetic markers and clinical phenotypes are col-
lected from families of closely related individuals. The largest example is the Icelandic pedigree, consisting
of genealogical information on 300,000 extant individuals (and 400,000 of their ancestors), with SNP infor-
mation on 15,000 extant individuals with various diseases at 370K sites.

2. Genome-wide-Association Studies (GWAS) of distantly related individuals (i.e. population data): Genetic
markers and clinical phenotypes are collected from individuals sampled from a population. An example
is the Wellcome Trust Case Control Consortium, which maintains 550K SNP data from 14,000 cases of 7
major diseases and 3,000 healthy controls (http://www.wtccc.org.uk/).

Figure 7 illustrates the differences in the data resulting from these two sources. Techniques for analysing both
sources of data often make use of hidden structures (section 3.5) and genealogical relationships between individ-
uals (section 3.3.2).
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Linkage mapping is useful for identifying broad regions (up to 10cM) harbouring phenotype-influencing loca-
tion(s); such regions may contain many genes. While microsatellites were primarly used at the start of linkage
mapping studies, the density and large-scale availability of SNP data has resulted in SNPs being the current marker
of choice. Often, the log;, Odds a marker is linked versus unlinked to a disease-influencing location (i.e. the LOD
score) is reported as a score for determining genetic associations (see Dawn and Barrett [30] for a more detailed
review). Linkage mapping techniques are most powered to detect highly penetrant single genes influencing a
phenotype and have poor power to detect associations to complex diseases with multiple genetic components.
However, such techniques have been able to identify genetic regions associated with Cystic Fibrosis [68], Hunt-
ington’s disease, breast cancer, and muscular dystrophy. Some widely-used linkage mapping techniques include
those described in Lander and Green [78] and Olson et al. [94].

GWA methods potentially allow for much greater resolution in the fine-mapping of phenotype-influencing loci.
SNPs are by far the most common employed markers in GWA studies, though micro-satellites and, more recently,
CNVs have been used to test for associations using similar methods. The most widely reported tests of association
use single-marker approaches, where each genotyped SNP is tested for association with the disease phenotype
independently of all other SNPs in a region, often reporting p-values based on chi-squared or other statistics as
scores for testing associations (see table 2 in section 3.1 for examples of common mapping functions). However,
methods that make use of linkage disequilibrium patterns between SNPs, i.e. haplotype-based approaches, have
been successful in finding variants not detected by single-SNP techniques. Power to detect true associations
via GWA methods depend primarily on sample size and the effect sizes and minor allele frequencies of the loci
involved. Variants with small minor allele frequencies and/or small effect sizes require much larger studies in
order to be detected. Recent studies have reported significant signals of association for SNPs with minor allele
frequencies >0.05 and relative risks typically in the range of 1.2 to 2.0 [126]. However, in nearly all cases the
location, minor allele frequency and relative risks of the true, presumably untyped, underlying causative variants
is unknown. Interpretation of findings is made more complicated by the fact that some of the most significant
association signals are often in “gene deserts.”

4.2.2 Analysis of phenotype with molecular data; (F + T), (F + P), (F + M)

These analyses ((F + T), (F + P), (F + M)) all aim to distinguish molecular features which correlate with a
single phenotype. They can be termed biomarkers or signature molecules since they can serve as an indicator of
normal biological processes, pathogenic processes or pharmacological responses to therapeutic intervention. In
the following text we outline the main analysis techniques and applications for each of the molecular phenotypes
T, P and M with a phenotype.

Differential Gene Expression (T+F)

One of the primary uses of gene expression data is to identify genes which are differentially expressed under
different conditions. This covers a wide range of studies such as healthy versus diseased, control versus treatment,
tissue comparisons and temporal changes in expression of homogeneous tissue. Determining which genes are
significantly differentially expressed can be accomplished using a variety of scoring techniques.

Numerous disease studies over the past decade have exploited gene expression interrogation and analysis in ap-
plications for disease classification [50, 120, 137], prognosis [131] and drug response prediction [19]. A critical
comparison and evaluation of microarray platforms [84] concluded that reproducibility and quality of gene ex-
pression data is sufficient for findings to be used in clinical environments. In particular, gene expression profiling
is now exploited commercially in the clinical environment for classification, prognosis and treatment of breast
cancer tumours [104, 103].

Similar studies are also emerging which detect the presence of alternatively spliced transcripts and isoforms which
show significant differences between groups. The problem is statistically more challenging that detecting differ-
ential gene expression since there are many different types of splicing events which require different detection
methods, furthermore, exon array probe sets typically contain fewer probes thereby increasing necessity of robust
but sensitive probe filters and summary statistics. The most common way to assess whether a gene is being alter-
natively spliced is to use indexing methods [26] which involve computing a ratio of the abundances of different
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Figure 7 Conceptual illustration of linkage mapping (left column) and genetic association studies (right column).
Top left: illustration of a hypothetical three-offspring nuclear family (square = male, circle = female) consisting of
one diseased parent and one diseased offspring (coloured in black). Each individual has two haplotypes represent-
ing any given genetic region: one inherited from the individual’s father and the other inherited from the individual’s
mother. Middle left: illustration of both haplotypes in a chromosome region harbouring a disease-influencing ge-
netic variant (red “X”) for the diseased parent (green solid, purple dashed slanting left), the undiseased parent
(yellow dashed slanting right, blue wavy line), and the diseased offspring (bottom) circled in the top left picture.
The offspring individual inherits regions from all four of her parents’ haplotypes in this example, including the
region harbouring the disease-causing variant. Bottom left: LOD scores for prostate cancer association across a
genetic region on chromosome 17 in humans using a linkage mapping approach applied to pedigree data of 147
families described in [79]. Top right: illustration of hypothetical evolutionary history for a set of present-day
haplotypes (bottom) back to a single common ancestor many generations in the past (top), for a genetic region
harbouring a disease-influencing genetic variant (red “X”). (This region is coloured green or black in the picture
of the middle of the right column.) Connected lines illustrate related haplotypes, with the vertical length repre-
senting how far back in time until the two connected groups share a common ancestor. All haplotypes with a “1”
show the disease phenotype; all haplotypes with a “2” do not. Middle right: Three present-day “1” haplotypes
and three present-day “2” haplotypes. Note how colours switch more often in these haplotypes compared to the
haplotypes of the family depicted in the middle left figure. This illustrates how the many recombination events in
the extensive evolutionary history of these haplotypes act to break down associations amongst genetic variants, so
that disease locations (such as the red “X”’) can be better localised compared to using pedigree data. Bottom right:
log,,p-value scores for prostate cancer association across a genetic region on chromosome 17 from a genome-
wide association study approach applied to 12,791 unrelated Icelandic individuals described in [54]. Note how
the score peaks are considerably more narrow compared to the linkage analysis results in the bottom left figure.
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regions/exons throughout the gene relative to a robust measure of the overall gene expression. Different indexes
can detect different types of splicing events, however complex events cannot always be determined in this way.

Alternative splicing is associated and indeed causal to several diseases [134] but with the recent development of
a global exon array, increasing numbers of studies seek to find differences in alternative splicing patterns which
correlate with disease phenotypes [129, 119].

Clearly, gene expression profiling has provided many insightful and useful findings over the past decade but, it
has limitions. Transcriptional regulatory processes are highly context dependent and sensitive to environmental
stimuli, so findings relating to a specific disease or process are dependent on the origin of the sample of cells
interrogated and whether the disease related genes or processes are active in these cells. A recent Icelandic family
study (Emilsson et al. [37]) comparing gene expression profiles harvested from blood and fat tissue demonstrates
the sensitivity of gene expression to tissue type: the authors found over 70% of genes expressed in fat to be
significantly correlated with Body Mass Index compared to only 9.2% of genes expressed in blood. It is not
surprising therefore, that many of the successful gene expression studies of the past decade feature cancer, where
tumour cells can be sampled for expression profiling. For other complex diseases (e.g. schizophrenia, asthma),
there may be no obvious diseased tissue that can be easily sampled.

Functional biological interpretation of differentially expressed genes is also limited; causal and reactive gene
expression traits cannot be distinguish without additional data (for example genetic, temporal) and furthermore,
there is considerable debate over how well transcript abundance correlates to the actual amount of protein being
manufactured by a gene, which is presumably the feature of the central dogma most likely to influence the clinical
phenotype. This is discussed further in section 4.3.

Differential Protein Abundance/Structure (P+F)

In a similar way, protein abundances can but analysed under a range of conditions to identify proteins which
are present at significantly different abundances under different conditions. These proteins (or indeed any other
substance which can be used to differentiate between different conditions/phenotypic states) are termed biomarkers
and as with gene expressed due to the tissue specificity of protein levels, the majority of diseases for which
proteomics has successfully identified biomarkers are those for which disease tissue or serum can be readily
sampled. Examples include cancer [57], heart disease [86], autoimmune diseases [140] and Alzheimer’s [142].

Some techniques used to quantify and characterise proteins (NMR for example) can also distinguish between
various different states of proteins. In particular phosporylated proteins can be identified and patterns of phospho-
rylation compared between normal and disease tissue. In addition to identifying these “biomarkers” for disease
status, investigating and inferring the functionality of proteins, particularly those which vary in structure and/or
abundance in disease states can also be facilitated by the collection of proteomic data.

Differential Metabolite Abundance (M+F)

As with protein and gene expression, metabolites (and the processes from which they are derived) are context
sensitive but since metabolic experiments and quantification can be done with a range of samples from single cells
to serum or tissue, this can be highly informative.

Perturbations of cellular processes due to disease states can be identified and characterised by metabolic profil-
ing, such that different diseases, subtypes of disease or response to drugs can be identified according the levels
and/or presence of specific metabolites which thereby constitute an associated metabolic signature or fingerprint
[107, 39, 108] Furthermore, the composition of metabolic signatures (usually ~ 10 distinct metabolites) can pro-
vide information about the processes perturbed by disease according to their biochemical properties and existing
knowledge about the reactions from which they are synthesised or converted.

Like proteomic profiling, metabolomic profiling is not yet widely employed for discovery driven research although
offers great potential for pathophysiology. However, its success and wide deployment is also dependent upon
appropriate and available cell/serum/tissue relevant to the disease/process being studied together with the ability
to accurately collect and interpret metabolic data using statistical models. There are additional applications to
drug discovery since many drugs and drug responses also have metabolic signatures [67].

32



4.2.3 Analysis of genetic data with molecular data; (G + T), (G + P), (G + M)

A natural way of combining information from genetic (G) and molecular data (T, P or M) is to use abundance
levels as a quantitative phenotype and assess whether they are significantly associated with genetic variation using
the techniques described in section 4.2.1. Considerable work has been done in this area for transcript abundance
levels, i.e. gene expression, whereas studies with metabolite and protein abundances are only just beginning to
be reported. Regions of the genome or individual genetic markers which are found to be significantly associated
to a specific transcript, metabolite or protein are termed expression, metabolite or protein trait loci respectively
(eQTL, mQTL and pQTL). They can be categorised according to where the markers lie with respect to their target;
if they reside on the same chromosome or within a window around the gene they are cis-acting, otherwise they are
trans-acting.

eQTL Studies

The combined study of gene expression traits and genetic markers in a segregating population was initially in-
troduced by Jansen and Nap [66]. Following eQTL studies in yeast, Cheung et al. [21] and Schadt et al. [114]
motivated similar studies in human with evidence of familial aggregation of gene expression traits in human cell
lines, and heritable gene expression traits.

Both genome-wide linkage [90, 89] and genome-wide association studies (Cheung et al. [22], Stranger et al. [122])
have been used to search for eQTLs. The results of such studies are not entirely concordant, but as discussed by
de Koning and Haley [31] and Pastinen et al. [95] this is not surprising given the differences in platforms, study
designs, sample sizes, and analyses. However, common to these studies is an enrichment of cis-acting eQTLs
amongst the eQTLs with the most significant effects, with the most significant cis-acting eQTLs being able to
explain over 50% of the variation of its target expression traits. Interpretting eQTL effects must be cautioned
since large effects in particular can be the result of confounding; a cis-acting eQTL in strong linkage disequilibrium
with a SNP in a coding region of its target gene can affect the binding affinity of the mRNA rather than transcript
abundances directly.

More recently Dixon et al. [32], Goring et al. [51], Emilsson et al. [37] and Schadt ef al. [113] each investigate the
genetics of global gene expression. Though differences in study design again impede direct comparison (notably
the different samples sizes, data type, and platforms and cell types used to get the expression data), the most
heritable traits in general have the strongest cis-acting effects in each of the studies. Despite the fact that some
cis-acting eQTLs can have have large effects, on average they only account for a small proportion of heritability
of their target traits. The average heritability of clinical phenotypes is generally reported to be ~ 25% where as
Dixon et al. [32] for example, report on average the top associated SNP to an expression trait can explain only
18.2% of heritability. This suggests other trans-acting effects or non-additive genetic effects contribute to their
heritability. However these studies find little evidence of strong trans-acting eQTLs which may be reflective of
insufficient power to detect multiple small trans-acting genetic effects.

The studies by Emilsson et al. [37], Schadt et al. [113], Dixon et al. [32] and Goring et al. [51] also highlight
tissue specific differences in genetic regulation of gene expression. They target gene expression in blood, fat,
liver, lymphoblastiod cell lines and fresh blood lympocytes respectively. In particular, Emilsson et al. [37] make
direct within individual comparisons between gene expression in blood and in fat. The choice of tissue can affects
the number and size genetic regulatory effects and as we discuss in section 4.4.1 the interpretation of findings with
respect to another phenotype.

At a more detailed level, Kwan et al. [76] use exon tiling arrays to investigate the effect of SNPs on gene ex-
pression, thereby allowing the detection of genetic variants associated with the expression of specific exons which
might also be alternatively spliced. They detect a total of 324 genes out of 17,897 which show exon specific
expression association with one or more cis-acting SNPs. Their results are categorised according to the type of
splicing event and suggest that genetic regulation of gene expression is more complex that previously shown; only
39% of detected genes exhibit expression association with a nearby SNP across all exons, 29% show association of
transcription initialisation or termination and the remaining genes are alternatively spliced e.g. via exon skipping.

The effects of other forms of genetic variation on molecular abundances can be studied in a similar way, in
particular, there is recent work associating regions of copy number variation with transcript abundance. Contrary
to SNPs which may be found in gene deserts, regions of copy number variation typically contain one or more genes
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and thus might be expected to directly affect transcript abundances and proteomic expression of these and other
genes. Stranger et al. [123] suggest that the relative regulatory contributions of CNVs to SNPs is small (17.7%
: 83.6%) with little overlap. Furthermore, they find that target transcripts of most significantly associated CNVs
do not lie in the region of copy number variation which suggests the effects of CNVs extend to the disruption
of other regulatory mechanisms. As technology and ability to accurately genotype and define CNVs improves,
the observed contribution of CNVs is likely to increase. At present, power to detect associations with CNVs is
impaired by the difficulties in genotyping and defining regions of CNVs compared to identifying SNPs.

mQTL and pQTL Studies

The effect of genetic SNP variation on global metabolite and protein abundance is less well researched, although
with these data types becoming increasingly affordable and practical it is likely that more studies of this na-
ture will follow, especially since these studies could provide additional functional insight at a molecular level.
Metabolites and proteins are more directly related to processes affecting phenotype but also exhibit more dynamic
behaviour than transcripts and are highly sensitive to other non-genetic factors thereby making it more difficult to
find genome-wide significant associations.

Notably, there are two recent studies Gieger et al. [47] and Melzer et al. [87] which are the first to report metabolite
and protein quantitative trait loci respectively. Melzer et al. [87] show that human protein abundance levels (8/42)
can exhibit strong association with SNP data with 7 out of the 8 strongest effects being cis-acting. The mechanism
driving one of these effects (IL6) is well characterised and validated by independent studies to be the result of a
SNP encoding an amino acid change. Two of the other associations are thought to be related to gene copy number
variation although these are not validated.

In the first metabolome-wide association study [47] failed to find any mQTLS at genome-wide level of significance
for metabolite abundances considered in isolation, but they report improve power by considering ratios of pairs
of metabolites which are related to the substrates and products of an enzymatic conversion. Using this approach,
they identified the FADS1 gene (among others) and deduce that the minor allele variant of the associated SNP
reduces the efficiency of a fatty acid (delta-5 desaturase) reaction. This finding is also associated with cholesterol
levels which we discuss further in section 4.4.1.

4.3 Analysis with multiple molecular data types; (T + P), (T + M), M+ P), (T + P + M)

The transcriptome, the proteome and metabolome are interactive, thereby motivating the simultaneous analysis
of these data types. The simple flow of information from DNA to protein through to metabolites described by
the central dogma might suggest that given protein abundances, RNA transcript levels are not informative about
metabolite levels. However, there are many mechanisms which act contrary to the central dogma. For example,
protein coding RNA transcripts are translated to proteins, and, conversely, proteins regulate transcription of DNA
which synthesises RNA. Furthermore, proteins interact with each other and with metabolites in functional cellular
biochemical processes.

There are several possible analyses which either exploit a pair of the data types (T+P, T+M, M+P) or all three
simultaneously. The findings are not unanamous which is not surprising given different studies target different
subsets of the transcriptome, proteome and metabolome which may or may not be directly related.

The highest correlation might be expected between the transcriptome and the proteome, though there is no con-
sensus among scientists. Several studies investigate the correlation using a range of different samples ranging
from yeast [55, 45] to human saliva [59]. Studies provide conflicting evidence: Greenbaum [52] suggest that up to
93% of 309 proteins found were at least present as mRNAs, and Gygi et al. [55] suggest protein abundances show
20-fold variability from mRNA levels. Greenbaum et al. [52] discuss reasons for this possible lack of correlation.
One possible reason is rna interference. Another is the possibility that different profiling techniques target different
expression regions of the gene. For example, probes for mRNAs are usually located in 3” UTR rather than protein
coding regions. A recent study investigates this hypothesis by examining the correlation of the transcriptome and
the proteome by correlating transcript expression at the exon level with peptide abundances [10].

As metabolites are highly sensitive to environmental exposures, including an individual’s diet and microbiome,
as well as the activity of other metabolites, they are not expected to be highly correlated with either transcript
or protein abundance levels. However, integrated analysis of metabolites with transcript and/or proteins can still
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provide insight into the biochemical processes and reactions which produce metabolites as their end products.
Integrative strategies seek to map metabolite abundances as a function of gene transcripts or proteins, allowing the
identification of genes mediating change in metabolic reactions. For example, see Cuperlovic-Culf et al. [29] for
areview of integrated M+T and examples of applications of integrated M+T.

4.4 Integrated analysis of phenotype with at least two other sources of data

Many multifactorial complex diseases and phenotypes can be attributable to distinct or only partially overlapping
risk factors in different individuals. At a genetic level this is most evident, such that even with large sample sizes,
heterogeneity among disease cases (i.e. instances when different individuals have same disease as a result of dif-
ferent risk factors) can result in undetected multifactorial genetic risk factors. However, since complex diseases
manifest through a group of diagnosable clinical phenotypes, it is likely that multifactorial risk factors collapse
onto a smaller set of perturbed intermediate molecular pathways (namely transcript, protein and metabolic). This
provides the motivation for integrating multiple data types and we present examples where these techniques have
been used to assist identification of common sets of molecular pathways whose variation is associated with dis-
ease and aids the generation of causal phenotype/disease hypotheses. There are two ways in which data sources
can be combined; either they can be analysed separately and these analyses compared or they can be analysed
simultaneously and here we discuss both approaches.

4.4.1 Comparing genetic associations with different phenotypes

Genetic markers or regions significantly associated to disease or complex phenotypes can provide little (if any)
functional context when considered in isolation. By exploiting the central dogma, eQTLs, pQTLs and mQTLs
which overlap with another phenotype or indeed with each other can provide additional information which might
help suggest putative mechanisms driving observed G-F associations. We use the term “overlapping” to mean that
a region within a small window surrounding an eQTL, pQTL or mQTL also contains a locus or region associated
with either another molecular trait or phenotype. Since mQTL and pQTL studies are only just beginning to be
reported in literature here we largely discuss examples of eQTLs which overlap with a disease phenotype and their
functional implications.

The results of the recent studies of human global gene expression discussed in section 4.2.3 have all been consid-
ered with respect to other phenotypes either with the same set of individuals [37, 51] or in an independent set of
individuals [32, 113].

In a large GWA study Moffatt er al. [88], report a highly significant genetic association to asthma on chromo-
some 17q23 spanning nineteen genes including gene ORMDL3. The same markers are also reported as eQTLs
significantly associated with all transcripts of the ORMDL3 gene in the study of gene expression by Dixon et al.
[32]. Furthermore, after conditioning on the associated markers the expression trait for ORMDLS3 is not signifi-
cantly heritable, which suggests the expression of this gene is tightly regulated by genetic variation surrounding
the eQTLs and provides a strong candidate gene with a causal role in at least one asthma pathway. In a similar
way, Libioulle et al. [83] and Sladek et al. [118] combine their genetic association results with the global gene ex-
pression study of Dixon et al. [32] to discover a new candidate gene for Crohn’s disease and prioritise a candidate
for Type-2 diabetes, respectively.

The eQTLs discovered by Schadt ef al. [113] in their study of the genetic architecture of the human liver are
compared with genetic associations with several common complex diseases including those investigated by the
WTCCC [1]. The comparison with GWA hits for these diseases is natural since the liver is a metabolically
active tissue and for many of them (particularly diabetes, obesity and atheroscierosis), the liver is thought to be
instrumental in the manifestation of phenotype. Their eQTL study supports the prioritisation of one locus (RPS26)
over another locus (ERBB3) both of which were newly identified as being associated with T1D in the WTCCC
[1] study. In addition, they suggest candidates involved in the mechanisms causing CAD.

The study by Goring et al. [51] also investigates genetic associations a qualitative phenotype (high-density lipopro-
tein cholesterol (HDL-C)) which highly correlates with Cardiovascular disease. They find an overlapping eQTL
(cis-acting on gene VNNI1) with a region associated with HDL-C which supports the proposition of this gene
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as a candidate for modifying cardiovascular disease risk via HDL-C. Emilsson et al. [37] do not report overlap-
ping eQTLs with other phenotypes directly however they find that over 50% of expression traits in fat are highly
correlated with obesity related traits (Body Mass Index and Percentage Body Fat). The genetic basis for this is
supported with network and enrichment analysis.

There are few examples of overlapping protein or metabolite QTLs with clinical phenotype. This is perhaps be-
cause global metabolite and proteomic abundances are more sensitive to environmental factors and post-transcriptional
and post-translational effects which makes detecting ‘pQTLs’ and ‘mQTLs’ more difficult. This might explain
why there has been no replication of pQTL and mQTL findings and it makes comparisons across studies difficult.

As the pQTL and mQTL studies become more widespread and reliable, we can expect comparisons between these
regions and other regions which associate with both clinical (or other molecular) phenotypes to be of increasing
important in prioritising and suggesting causal phenotype hypotheses.

The examples which combine genetic, transcript and phenotypic data demonstrate the increase in power which
can be gained by combining the analyses of multiple data types. Overlapping eQTLs and complex phenotype
associated loci in humans have been successfully identified and used to rank of genetic candidates, add biological
relevance to disease associated regions containing no genes or further localise large disease associated regions
spanning multiple genes to a single candidate gene. However, this approach has only been used to suggest a
single candidate gene for each of the diseases mentioned. This represents only a small fraction of the interacting
pathways through which disease/complex phenotypes manifest. Furthermore, while such findings provide more
biological context than simply a list of genetic associations and/or a gene list, considered in isolation they do not
provide insight as to how variants regulate gene expression and what role these genes play in the determination
of complex phenotypes. The discovery of overlapping pQTLs and mQTLs with eQTLs and disease associated
regions might provide further insight although at best, can only suggest putative pathways.

A comprehensive understanding of the systems which give rise to overlapping associations necessitates the con-
struction of focused study designs rather than the genome-wide discovery driven approaches (see section 5). For
example by the use of exon arrays to detect alternatively spliced isoforms, tiling arrays to determine exact lo-
cations of transcription factor binding sites, and re-sequencing regions of association to identify causal genetic
variants and their effects on gene regulation. These studies are costly, which further highlights the importance of
improving specificity and sensitivity of analytical techniques used to suggest putative causal hypotheses from data
collected at a genome-wide level.

4.4.2 Integrated Networks

Complex biological structures with interdependencies, temporal, spatial features can be conveniently (albeit crudely)
represented using network models to interpret multiple sources of biological data. Although they are founded on
huge assumptions, integrated networks in which edges are inferred between nodes both between and within spe-
cific different data types can suggest putative causal hypotheses consistent with the data and biological knowledge.

Network inference can be considered a model selection problem, but the entire space of possible networks is large
(table 7) so fitting all models exhaustively is not computationally possible. Instead, the number of models tested is
usually reduced by excluding those which are inconsistent with biological knowledge, or, local networks/pathways
surrounding selected nodes might be tested rather than the entire network.

NETWORK TYPE SI1ZE OF NETWORK SPACE WITH n NODES.
Undirected graphs a, = 2nn=1)/2

. —1 (n—1
Connected undirected graphs On = ay — Z:l (Z_l)ﬂkan_k

Directed Acyclic Graphs (DAGs) 7, = >, n(—1)F 1 (})2n(n=h)y,

Table 7: The dimensions of network space for different classes of network
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These approaches are successfully applied to data from model organisms although there are few examples with
human data. This is not surprising given that biological knowledge and data are more extensive in model organisms
relative to human and that the underlying systems are less complex. The techniques used to infer integrated
networks vary according to the data (and its dimension) and the study objectives. As molecular profiling of human
samples (particulary of protein and metabolites) becomes more widespread, infererence integrated networks will
increasingly be used to aid interpretation and representation of the data.

Most techniques used to infer integrated networks use a mixture of the concepts (section 3); clearly they are
founded on the concept of a network but they also draw on existing biological knowledge and the idea of a
mapping from genotype to phenotype. Since there are no general frameworks commonly used, we describe some
examples in table 8

DATA TYPES KNOWLEDGE NETWORK DESCRIPTION REF.
G TF Central Dogma used to Local causal pathways inferred using likelihood Schadt et al.
Obesity in Mice restrict network space based methods to relate a single SNP, a gene [115]
expression trait and a complex trait (or another
gene expression trait). Genetic loci and expres-
sion traits are selected for causal testing accord-
ing to whether the expression trait and complex
trait have overlapping QTLs
GT,P Protein  Interaction Protein information used to construct a gene net- Tu et al. [130]
Gene Regulation Data Bases. work apriori. Causal Pathways are sampled from
in Yeast this network given expression data and SNP data
and target genes.
G TF Central Dogma The G, T and F used to derive a matrix of genetic Carter et al.

Filamentous growth

Protein Interaction

influences (on T and F). This information is inte-

(17]

in Yeast Data Bases grated with networks derived from data bases to

make predictions about the effect of combinations

of mutations on T and F
G TF Chen et al.
Obesity, Diabetes and [20]
Atherosclerosis in
Human
GT,P Protein Interac-  Four different networks are constructed according Zhu et al.
TF-Binding (G-P) tion Data Bases different information used to infer them; a basic [144]

Gene regulation
in Yeast

Central Dogma co-expression network (T,G) and three Bayesian
Networks. The protein interaction information is
incorporated via the use of Bayesian priors in the

construction of the Bayesian Neworks.

Table 8: A selection of examples where integrated networks are inferred statistically. We briefly describe the data,
knowledge and the network model used in each case.

Integrated analyses of phenotype with transcriptomic, proteomic and metabolomic data will play a larger role as
these data types become more widespread and as the data improves in both resolution and precision. It is likely
that both network and comparative approaches will be informative with the strategy of searching for overlapping
eQTLs and phenotype associations being extended to compare all molecular and clinical phenotype associations.
As yet there is no published study which maps global metabolite, protein and transcript abundances in the same
set of individuals although this is a natural progression and extension of the techniques being currently developed.

4.5 Analysis of all data types across multiple species.

The study of phenotype in humans can be supplemented by similar studies in model organisms. At a genomic level,
model organisms contribute knowledge to genome annotation via comparative genomics, but the use of model
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organisms beyond their genomes is potentially much more powerful although methodologically less developed.
Model organisms include a wide range of organisms, from those closely related to humans, such as primates,
to those very distant such as yeast and bacteria. Incorporating several model organisms of varying degrees of
relatedness can help distinguish between functional and spurious inferences.

Their use in research is widespread since many experiments cannot be conducted with humans due to ethical
and/or practical reasons such as the longevity and inhomogeneous environmental backgrouds of humans.

The principle uses of model organisms are summarised in table 9.

Basic understanding of biological mechanisms

Life on earth has a set of common features and increased knowledge of one organism leads to increased un-
derstanding of related organisms. Many phenomena (for instance cell cycle and other fundamental cellular
mechanisms) are much better studied in smaller, simpler organisms with a shorter generation time than in
humans.

Homology modelling

This is closely related to understanding biology, but with a focus on particular level (e.g. proteins, networks,
genes) and will be more amenable to exact representation and stochastic evolutionary models. The last years
have seen this area flourish especially into the area of network inference and evolution (Sharan and Ideker,
2006). But clearly a series of areas, like motors, pattern formation, combined mathematical modelling in
several species simultaneously etc. will follow.

Understanding mechanisms driving phenotypes

By focusing on phenotypes homologous, similar to or strongly correlated with the those observed in hu-
mans and relevant to a disease, it is hoped that an animal model for such a phenotype will have common
underlying networks and related causes as the analogous human disease. A long series of phenotypes either
are homologous or can be used as strongly correlated to the character of interest (Flint, nervous mice). For
diseases, the ideal situation would be to have a homologous disease with a homologous cause. However,
this is rarely if ever possible and a much weaker situation is used, where the model organisms develops a
disease that has important similarities to the human disease but even these analyses rely on some degree of
homology

Discovery of homologous or similar causes for a disease in model organisms

Most segregating nucleotides in human have an age less than a million years, hence the same disease
mutation is very unlikely to occur in other species. The exception would be mutations subject to balancing
selection, where the age of a mutant can be many million years and thus shared with closely related species.
These cases are rare and the best that can be hoped for is a mutation in the same protein.

Transgenic experiments

The design of genetically modified model organisms, that are “locally human” with respect to a specific gene
provides a powerful experimental tool. Human genetic material is placed in another organism, thus allowing
experiments that would be impossible in humans. This has been crucial in many successes of finding and
proving the molecular cause. However, given the large foreign genetic background and interconnectedness
of genetic systems, there are also limits to such engineered models.

Table 9: The main uses of Model Organisms

Model organism studies of phenotype are in their early stages and as models of evolving networks and pathways
emerge it is likely to contribute significantly to the understanding of human mechanisms driving complex pheno-
type. However, the use of closely related model organisms (including primates, dogs and cats) is severely criticised
on ethical grounds. This has lead to a strong focus on finding computational or cell culture substitutes for the use
of animal model organisms.
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S Functional Explanation

To gain a full functional understanding of the etiology of a complex phenotype involves (1) identifying the genetic,
molecular, and environmental attributes that influence the phenotype, and (2) elucidating the biological pathway
that fully defines the influence and describes how it occurs. While the analysis approaches that we have discussed
above can be helpful in identifying features of (1) and (2), experimental validation is necessary for a comprehen-
sive “functional explanation,” and we focus on attempts at such validation here. GWAS are the most high-profile
means of a first stage attempt to accomplish the genetic component of (1); we therefore discuss key findings and
the steps necessary to identify a causal genetic variant in section 5.1. Though this has proved extremely diffi-
cult, accomplishing (2) is a far more daunting task, involving a full understanding of systems biology and how
all sources of biological and environmental variation interact (i.e. all-encompassing networks). We describe what
this might entail in section 5.2.

5.1 Identifying Causal Genetic Variants

As mentioned, GWAS test for associations between genetic markers and a phenotype. To “confirm” a signifi-
cant association between a marker and a phenotype from a GWAS, often the same marker (or a marker located
physically very close) is typed in independent samples to see if the association is replicated. There are now over
300 such replicated disease associations [33]. However, determining the actual phenotype-influencing variant in a
region with a replicated GWAS signal is not easy. Despite ongoing advances in the number of markers which can
be typed for on a single array in GWAS, it is unlikely that even the most significant associations have a causative
influence on any given phenotype. A signal of association at a genotyped marker is usually explained either by
a single causal variant of lower frequency but with a larger effect located physically close to the marker or by
multiple variants of differing frequencies (referred to as allelic heterogeneity) also located close to the marker. If
(albeit unlikely) the causal variant and an associated genotyped marker are fully correlated (i.e. they have the same
effect size and frequency), it is not possible to distinguish between them statistically and both markers would be
followed up for functional characterisation. Resequencing can be employed to identify all forms of genetic vari-
ation in the region, including rare SNPs, copy number variation and rearrangements; alternatively, a new set of
markers can be genotyped at a higher denisty. In practise often a combination of the two approaches is employed.
Newly typed markers can either be tested for association in the standard way, or, the effect of existing variants can
be adjusted for, such that the test establishes whether the newly typed variant accounts for phenotype variability
independently of the other effects. Identifying a variant as being causal requires strong statistical evidence and
functional characterisation. Without full functional characterisation, it cannot truly be considered causal.

Many disease studies are now reporting replicated finely mapped regions with strong evidence of association
with disease (table 10) but very few can provide functional characterisation which explains the associations. In
one such example [70], fine mapping strongly implicates a non-synonymous SNP Y402H as being causal for the
development of age-related macular degeneration (AMD). This SNP induces a change in the complement factor
H gene (CFH) product and although the CHF gene is known to be involved in complement activation and present
in AMD lesions, more than two years after the initial report, the exact mechanism by which the variant protein
increases disease risk remains to be unraveled. In another example [35], cell models have been used to follow
up genetic associations and have pinpointed a functional role for risk variants. In this study, two out of eight
correlated SNPs in the second intron of the FGFR2 gene that had been associated with increased risk of breast
cancer were found to alter the binding affinity for transcription factors, giving rise to increased FGFR2 expression.
Although still far from explaining how this variation increases breast cancer risk, these results serve as the first
step in elucidating the functional implications of these genetic variants.

Although fine mapping is less widely reported for localising genetic variation associated with molecular traits
(i.e. eQTLS, mQTLs and pQTLs), functional characterisation and identification of causal genetic variants can
be supported by existing knowledge of the molecular trait. One example [51] is the localisation of the genetic
variation which regulates the expression of gene VNNI1. In the follow up study, the proximal promotor for this gene
is resequenced in a subset of individuals from the original study and the six SNPs (out of 22) in this region which
showed the most significant association with the VNNI expression trait were then genotyped in all individuals
in the study. The associations of five out of the six of these variants provided strong evidence of association.
Determining which of these SNPs is the best causititive candidate can be assessed using biological knowledge
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catalogued. In this example, bioinformatic tools implicate one of the five SNPs as having functional implications
on the ability of transcription factors to bind and is validated experimentally. How this SNP affects transcription
factor binding remains to be answered. Another notable example is the genetic association of markers within the
gene FADS1 with several metabolites [47]. In particular, a single SNP in a coding region of this gene explains
upto 10% of the variation of the most strongly associated metabolite. They use information about known metbolic
reactions to deduce that the minor allele at this variant causes a reduced efficency of a specific fatty acid (delta-5
saturase) reaction.

DISEASE GENOMIC STRONGEST VARIATION ALLELIC REF.
LOCUS REPORTED ODDS RATIO
Age-related macular Chrlq31.3 SNP in an intron of the Comple- 4.6 [70]
degeneration ment Factor H (CHF) gene
Alzheimers disease Chr19q13 SNP 14 kb distal to the APOE ep- 40.1 [27]
silon variant
Atrial fibrillation Chr4q25 Two SNPs near the PITX2 gene, 1.72and 1.39 [53]
role in determining the left-right
asymmetry of the heart
Breast cancer Chr10qg26.13 SNP in the second intron of the 1.26 [35]
FGFR2 gene
Exfoliation Chr15q24.1 Haplotypes formed by two non- 2.46 and [128]
glaucoma (XFG) synonomous SNPs in the LOXL1 20.10 for the
gene (catalyzes the formation of two SNPs
elastin fibers, major component of
lesions in XFG)
Cancer - multiple Chr8q24 At least 4 independent variants (3 1.13-2.1 [46]
types SNPs and one haplotype) in a 0.7
Mb region upstream of the MYC
gene found to associate with at least
4 different types of cancer
Obesity (BMI) 16q12.2 A SNP in an intron of the FTO gene  0.36kg/m2 [41]
Schizophrenia and 121 Rare 1.38 Mb deletion 14.83 [121]
related psychoses
Lung cancer and 15925 SNPs in and around nicotinic 1.3 for lung [61, 127,
smoking behaviour acetylcholine repectors (probably cancer 4]

goes at least in part through smok-
ing behaviour)

Table 10: A selection of Genome-Wide Association study hits which are well replicated and provide good candi-
date genes being involved in manifestation of disease. In some cases there are hypotheses which propose possible
mechanisms through which disease risk is increased.

Providing a functional characterisation of genetic variants associated with disease or a molcular trait remains an
ongoing challenge which is perhaps not surprising given the complexity of the systems which lie on the path from
genotype to phenotype. Comprehensive functional characterisation of a genetic variant will involve studies of
epigenetic, genetic and environmental interactions together with full molecular dissection. This will inevitably
lead to the rigorous testing of putative causal pathways.

5.2 Identifying Causal Pathways and Networks

Causal pathways and networks inferred statistically as we discussed in section 3.2.4 lack functional characterisa-
tion. Validating an entire global network is a huge task and usually specific pathways are prioritised and targetted
for characterisation. Validation can be done via the perturbation of a system (e.g. genetic perturbation, gene
silencing, gene knockouts) although even these studies do not provide a functional characterisation of what bio-
logical processes are driving the observed relationships; they merely provide support that the pathways are real. In
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the network examples reported in table 8 most authors validate their findings via gene knockouts (in mice for the
human example) but functional support to these findings is limited and founded on existing biological knowledge
for example about a molecular structure, or a gene products role in well characterised biological processes. Like
causal genetic variants, the identification of a causal pathway cannot be considered true until the mechanisms
and molecular functions are fully characterised thereby fully annotating the links in a pathway with a biological
process or reaction.

5.3 Forwards and Reverse Genetics

The majority of techniques we describe in this paper take a forwards genetics approach; data is gathered with
reference to a phenotype and observations used to identify its causes. An alternative approach is reverse genetics
where the starting point of a study is a set of genetic mutations and subsequent observations of phenotype are
screened for differences. Both approaches aim to characterise the effect of genetic variation on phenotype.

Perturbation experiments in cell lines or model organisms are an example of reverse genetics, a genetic or molec-
ular adjustment is made (e.g. a gene is knocked out) and the consequences on phenotype are observed. They are
useful for validation and refinement of hypotheses which are important to direct the focus of functional studies
but are not likely to be informative at a fine level for human systems. This is because human mechanisms are
often disrupted by very subtle effects rather than severe perturbations of the scale induced by gene knockouts,
furthermore the functional effects of a genetic variant may take a long time to manifest.

A forwards genetic approach to elucidate disease mechanisms in humans directly might be to select individuals
who carry a specific genetic variant and subsequently measure a range of different phenotypes (molecular, mor-
phological, anthropometric, behavioural) over a time period. Although mutations cannot be engineered in humans,
genetic variation is present naturally in a population and could be exploited systematically.
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6 Conclusion

In this review, we distinguish data, concepts, and analyses as the major components of studies of biological
variation. Ideally they should be clearly outlined prior to performing an experiment or gathering data, although
in practise many researchers observe data before giving consideration to the concepts and analytical techniques to
interpret it. In addition, studies can be complemented by a variety of other data types or information which can
be interpretted in an intuitive informal way rather than according to the framework we describe. However, it is
our hope that this framework still describes major features of present research and as such, is useful in extracting
some unity in what can seem bewilderingly complex.

Full understanding and predictive modelling of biological systems are the ultimate goals of research in the bio-
sciences but the global genome-wide studies describe systems of a size that cannot be modelled to this level in
the foreseeable future. While they have been, and will continue to be, tremendously useful in coarse functional
assignments of genes, they cannot lead to detailed understanding of biological systems. This level of understand-
ing will inevitably be the result of bottom-up approaches which provide a more detailed understanding of smaller
systems or fewer genes.

The global integrative strategies we discussed in this review use statistical models to interpret observed high-
throughput biological data. The ability to make causal statements on this basis is limited by biological and
technical noise inherent in the data types and any findings require careful validation and subsequent functional
explanation. Systems biology approaches could be used to provide this explanation; each time a candidate causal
pathway is identified statistically from data, systems biology would aim to provide a physical explanation by con-
structing a physical model which can then also be used for prediction. This is a very ambitious goal and it could
be many years before this achieved. Currently systems biology is being done on a small scale, whether it can be
done for large systems and how difficult it will be is impossible to predict.

Directly or indirectly, most funding for research in the biosciences is motivated by the hope of alleviating human
disease. The overall trajectory of disease research might be:

Association Mapping — Fine Mapping — Functional Interpretation — Intervention/ Drug Development (9)

The first two steps are routinely employed within the framework we describe. Functional interpretation is at-
tempted by integrative studies and systems biology but both of these techniques are still too high level to provide
full functional explanations at a molecular or atomic level. This level of explanation is achieved largely by highly
focused laboratory experiments with statistics playing a small role relative to the techniques employed to analyse
global, high throughput biological data sets. The final step ‘Intervention/ Drug Development’ is already a well
established field despite the fact that there are very few functional explanations of complex disease which start
with genetics. Consequently, it requires huge resources.

Functional interpretation is possibly the hardest stage in 9, and it is likely to be a slow process since progress
requires many experiments focused on a few relevant components, complemented with traditional biochemical
analysis. Representation of these systems requires models, but they will have to describe how small systems
can be interpreted in detail. Whilst there is still much work to be done in association mapping and integrative
genomics to prioritise candidates for functional characterisation, ultimately the long series of large scale genome
wide studies will have to come to a dead end since it cannot provide full functional explanations.

The data types upon which integrative genomics and other studies of global high throughput data are founded, are
quantities measured in the cell. With the exception of phenotype, information and data involving higher levels
play a small, if any role. Given the fundamental impossibility of defining a function which maps genotype to
phenotype function presently and in the foreseeable future, all observations which can help to characterise this
function are of value. Many new data types, such as medical imaging, relating to tissues and organs will be of
increasing relevance and already have proved valuable in the study of model organisms.

The necessity of large integrated approaches is changing the biosciences and how the individual researcher con-
ducts research. Two decades ago computers were irrelevant for most researchers in the biosciences. A decade ago
molecular evolution was a specialised area, now it is of general use in genome studies. Just over 5 years ago the
same was true for population studies, now association mapping is ubiquitous. We are presently seeing the rise of
high throughput studies. The near future will probably see mathematical modelling being important to everyone.
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